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1Abstract
Estimating plant-accessible water storage through evaluating evapotranspiration in
the semi-arid western United States using eddy-covariance, remote sensing, and
spatially distributed data
by
Joseph Rungee
Doctor of Philosophy in Environmental Systems
University of California, Merced
Professor Roger Bales, Chair
The studies within this dissertation use a suite of long-term flux-tower, remotely
sensed, and spatially distributed data to more accurately assess the withdrawal of sub-
surface plant-accessible water storage during multi-year dry periods, more accurately
represent measurements of evapotranspiration across the landscape, and examine how
vegetation use of plant-accessible water storage varies along latitudinal and elevation
gradients, and with time. First, a suite of flux towers from across the arid and semi-
arid western United States were used to assess the response of evapotranspiration
under varying climates and vegetation types to drought. Here we found that regions
experiencing a Mediterranean climate are substantially more dependent on subsurface
storage than those receiving a summer monsoon, but available plant-accessible subsur-
face water storage in the Mediterranean climates can support evapotranspiration for
the entirety of a multi-year dry period at some locations. It was also discovered that a
transition from snow to rain could increase dependency vegetation on plant-accessible
subsurface water storage by as much as 20% at energy-limited, snow-dominated sites.
Next, measurements of evapotranspiration were distributed across the 14 river basins
draining into California′s Central Valley. This was performed by expanding on cur-
2rent remotely sensed-based methods to include climatic data and consider vegetation
type. This novel approach decreased the root-mean-square error by 31-50% when
compared to methods only using NDVI and was insensitive to the spatial resolution
of data used. This product showed that evapotranspiration was greatest in the north-
ern basins, peaking at lower elevations, and decreased in magnitude while peaking at
higher elevations as latitude decreased. It was also revealed that runoff was derived
in primarily one of two ways in this region, the rain-dominated north where annual
rainfall grossly exceeds annual evapotranspiration; and the snowmelt-driven south
where most precipitation contributes to high-elevation snowpack in energy-limited
areas. Finally, the 14 basins draining into California′s Central Valley could be binned
into four groups based upon what water-balance components and climatic variables
were most highly correlated with changes in subsurface water storage, the northern-
most, northern, mid-range and southern basins. The results showed that the southern
basins may have already reached a critical threshold in storage drawdown, explaining
why tree mortality is so widespread in the region, and that the northern and north-
ernmost basins will likely follow a similar path if measures are not taken to reduce
evapotranspiration. The studies in this dissertation provided comprehensive analyses
of how evapotranspiration spatially varies and how its response to climate extremes
alters the hydrologic cycle. Spatial products are in high demand for water resources
and forest management applications, and although quantifying uncertainties remain
a challenge, these products provide substantial value to improving our understanding
of the water cycle.
3Chapter 1
Introduction
Arid and semi-arid regions experiencing a Mediterranean climate are characterized
as having cool-wet winters followed by hot-dry summers (Lock and Dallman, 2000).
In these regions, plant-accessible subsurface water storage plays a vital role in sustain-
ing these ecosystems during the peak growing season when little to no precipitation
occurs (Arkley, 1981; Klos et al., 2018). However, the water balance in these regions
appear particularly vulnerable to projected increases in the frequency, duration, and
severity of droughts and heat waves over the coming century (Giorgi and Lionello,
2008; Stocker et al., 2013). Quantifying the water balance and ecosystem response to
perturbations in plant-accessible water storage is poorly understood, but imperative
to adequately manage water and forests in these regions.
Assessing and quantifying these vulnerabilities require accurate partitioning of
the annual water balance, given as S = P −Q−ET , into its individual components,
change in subsurface water storage within the basin (S), precipitation (P ), basin
runoff (Q), and evapotranspiration (ET ). Measures of precipitation are widely avail-
able from point measurements to spatially distributed products (Daly et al., 2008;
Rodell et al., 2004), and streamflow measurements are available at several latitudes
in the United States (Hirsch and Costa, 2004). However, physical measurements
of evapotranspiration, which accounts for more than half of precipitation in arid and
semi-arid regions, are limited (Bales et al., 2006; Goulden et al., 2012), and studies on
4plant-accessible subsurface water storage have mostly focused on near-surface storage
(Klos et al., 2018). This makes partitioning the water available for ET and ∆S chal-
lenging, limiting our ability to fully understand how these water-balance components
vary in space and time.
1.1 Methods for measuring evapotranspiration
Methods for local measurements of evapotranspiration, or its components, can
be binned into two categories, direct and indirect. Common direct methods include
weighing lysimeters (Hargreaves and Samani, 1985; Liu et al., 2002), and eddy covari-
ance (Baldocchi et al., 1988; Nagler et al., 2005). Weighing lysimeters are containers
installed in the field and measure the change in mass within the container, where de-
creases in weight are assumed to be evapotranspiration (Howell et al., 1991). These
instruments are typically used in areas with homogenous, low-growing and shallow-
rooted vegetation provided they need to capture the root zone and only provide point
measurements (Pruitt and Angus, 1960). Eddy covariance is a rapid sampling method
that calculates evapotranspiration as:
ET = L(ρw)′q′, (1.1)
where ET is evapotranspiration, L is the latent heat of vaporization of water, (ρw)′ is
the departure of air density (ρ) and the vertical wind component (w) from their mean
values, and q′ is the departure of specific humidity (q) from its mean value (Dyer,
1961; Swinbank, 1951). These departures are averaged over a short time period
(generally 30 minutes) of high-frequency sampling (10-20 Hz) to provide a flux rate.
Eddy covariance has been considered the most accurate measure of evapotranspiration
in Mediterranean climates (Rana and Katerji, 2000; Wilson and Baldocchi, 2000).
Some drawbacks of eddy-covariance include cost of installation and maintenance,
determining the contributing area, and increased likelihood of data gaps due to power
outages and low frictional velocity (Goulden et al., 2012; Rana and Katerji, 2000).
5Common examples of indirect methods include catchment water balance (Bosch
and Hewlett, 1982) and the Bowen ratio (Malek and Bingham, 1993). Catchment
water balance is the process of resolving the simplified water balance:
ET = P −Q, (1.2)
where ET is annual evapotranspiration, P is annual precipitation, and Q is annual
runoff. The primary fallbacks of this approach include an inability to produce sub-
annual estimates, provides only a catchment-scale estimate, and neglects changes
in storage (Wilson et al., 2001). The Bowen ratio calculates evapotranspiration by
solving the energy balance, expressed as:
LE =
Rn −G
1 + β
, (1.3)
where LE is the latent heat flux, Rn is net radiation, G is the ground heat flux, and
is the Bowen ratio. When assuming no horizontal gradients between temperature and
humidity, can be simplified to:
β = γ
∆T
∆e
, (1.4)
where γ is the psychometric constant (0.0677 kPa ◦C−1) and ∆T and ∆e are the
vertical gradients in temperature and vapor pressure, respectively (Xing et al., 2008).
The primary drawbacks of this method are that it requires very accurate measure-
ments temperature, vapor pressure, net radiation and the ground heat flux, and are
particularly important in very dry conditions where ∆T can be high driving up the
Bowen ratio and leading to an underestimation of evapotranspiration (Angus and
Watts, 1984).
Measured evapotranspiration has been applied in studies across many disciplines.
It has been used to develop and/or validate crop reference evapotranspiration values
(Amayreh and Al-Abed, 2005; Hargreaves and Samani, 1985; Li et al., 2008; Walter
et al., 2001; Yoder et al., 2005), assess vegetation responses to drought (Aronson et al.,
1987; Carrow, 1995; Jacobs et al., 2002; Zha et al., 2010), and effects of disturbance
(Lu et al., 2011; South et al., 1998). Although, these studies generally have a limited
scope due to limited data which results in using a point measurement to represent a
6vegetation type or single extreme event. This leads to large gaps in knowledge for how
a given vegetation type responds to extreme events under varying climate regimes,
and how a given sites responds to varying degrees of extreme events.
1.2 Methods for estimating evapotranspiration
across the landscape
Methods for estimating evapotranspiration across the landscape can also be gen-
eralized into two groups, Physically based and statistical models (Long et al., 2014).
Physically based models attempt to close the water and energy balances at the catch-
ment to global scale, where actual evapotranspiration is generally calculated as a func-
tion of available energy and limited by available water (Fisher et al., 2005; Vo¨ro¨smarty
et al., 1998). The primary advantages of these methods are that they simulate the
physical processes of the environment and can provide information across any point
in space and time (Kite and Droogers, 2000). Ultimately, physically based models
can be the most appropriate method for estimating evapotranspiration, although they
are currently bottlenecked by data availability and are often too computationally in-
tensive to consistently outperform other methods (Goulden and Bales, 2014; Kite
and Droogers, 2000; Long et al., 2014), especially in complex landscapes where high
spatial-resolution data is important (Bales et al., 2006).
Satellite-based methods provide a variety of ways to estimate evapotranspira-
tion. One approach includes resolving surface-energy-budget equations such as the
Penman-Monteith (Mu et al., 2007, 2011) and Priestley-Taylor (Jin et al., 2011).
Like other physically based models, these approaches provide a robust representa-
tion of evapotranspiration (Zheng et al., 2017), while requiring accurate climatic,
energy and biophysical data (Goulden et al., 2012; Lettenmaier, 2017). Another
approach is statistically based, using either predictive relationships between obser-
vations and satellite imagery (Glenn et al., 2010), or machine-learning algorithms
(Chen et al., 2014). Annual evapotranspiration has exhibited a predictive relation-
7ship with satellite-based vegetation indices (Goulden et al., 2012; Groeneveld et al.,
2007), but appears to poorly represent evapotranspiration during climate extremes,
such as droughts, especially in regions dominated by evergreen forests (Nagler et al.,
2005). Machine-learning algorithms provide an advanced data-driven approach for
representing complex, non-linear systems (Goldberg and Holland, 1988), but have a
higher risk of overfitting observations, increasing error outside the calibration range
(Domingos, 2012; Solomatine and Shrestha, 2009).
The ability to spatially estimate evapotranspiration with reasonable confidence
has significantly advanced our understanding of hydrologic and ecosystem processes.
It has been used to assess hydrologic and ecological responses to drought (Bales
et al., 2018), estimate subsurface-water storage available to plants during dry seasons
(Fellows and Goulden, 2017), assess responses to disturbance or treatment (Bond-
Lamberty et al., 2009; Roche et al., 2018), and infer evapotranspiration responses
to climate change (Goulden and Bales, 2014). Despite these advancements, many
large-scale monitoring efforts and research still use potential evapotranspiration or a
precipitation- or temperature-based index in place of these products. This is largely
due to the aforementioned drawbacks of the individual methods, where physically
based models lack the spatial resolution and are computationally intensive, and statis-
tical models lack the temporal resolution and have shown to poorly represent climate
extremes. This provides a need for further investigation to improve the efficiency of
physically based models and resolve the issues of statistical models either over-fitting
observations or missing climate extremes.
1.3 Objectives of this study
In this dissertation, we used a suite of eddy-covariance flux-tower measurements
of evapotranspiration to assess how much storage was depleted before a response to
multi-year dry periods was observed at the point scale, and then used a data-driven
approach to distribute evapotranspiration across the landscape and assess how the
drawdown of water and evapotranspiration response to drought vary by changes in
8climate, elevation and latitude. The main questions addressed were 1) how does
climate affect the response of evapotranspiration to multi-year dry periods within
and between vegetation types?, 2) where is uncertainty greatest in closing the wa-
ter balance?, 3) what governs the drawdown of plant-accessible water storage and
how resilient are the river basins draining into Californias Central Valley to climate
extremes? These questions were addressed through:
1. Compared how measured evapotranspiration responds to multi-year dry periods
across the semi-arid southwest United States considering different vegetation
types and climate regimes. The results provided insight for which characteristics
improve dry-period resistance, and how much subsurface water storage can be
withdrawn before a response in evapotranspiration is observed.
2. Used a suite of flux-tower measurements across California to develop an im-
proved data-driven approach for spatially distributing evapotranspiration using
satellite-based imagery and statistically distributed climatic data. This prod-
uct was assessed by performing a basin-scale mass balance to examine where
uncertainties exist. The results suggested that the majority of uncertainty is
likely attributed to the precipitation data as a result of well-documented snow
undercatch, but uncertainties are likely notable from the current network of flux
towers poorly representing the precipitation-temperature space. The product
also revealed that runoff is mostly from below the rain-snow transition where
precipitation grossly exceeding evapotranspiration in the northern basins and
above where evapotranspiration is energy limited in the southern basins.
3. Used the distributed evapotranspiration product to examine how evapotranspi-
ration and storage responded to a hot 4-year drought (2012-2015) as compared
to a cool 6-year drought (1987-1992), and what drives changes in storage. Our
findings revealed that the hot drought experienced large withdrawals from stor-
age, whereas the cool drought had a net surplus for every year except for the
first, despite the mean precipitation over the drought periods being nearly equal.
9Further investigation revealed runoff, annual precipitation, and annual-mean
temperature have much greater inter-annual variability than evapotranspira-
tion but are poorly indicative of whether change in storage will be positive
or negative. This phenomenon appears to be mostly driven by the timing of
the growing season, when water becomes available to the vegetation and how
rapidly the water leaves the system, resulting in higher runoff.
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Chapter 2
Evapotranspiration response to
multi-year dry periods in the
semi-arid western United States1
Abstract
Analysis of measured evapotranspiration shows that subsurface plant-accessible water
storage (PAWS) can sustain evapotranspiration through multi-year dry periods. Mea-
surements at 25 flux-tower sites in the semi-arid western United States, distributed
across five land-cover types, show both resistance and vulnerability to multi-year dry
periods. Average ( standard deviation) evapotranspiration ranged from 660 230
mm yr−1 (October-September) in evergreen needleleaf forests to 310 200 mm yr−1
in grasslands and shrublands. More than 52% of the annual evapotranspiration in
Mediterranean climates is supported on average by seasonal drawdown of subsurface
PAWS, versus 29% in monsoon-influenced climates. Snowmelt replenishes dry-season
PAWS by as much as 20% at sites with significant seasonal snow accumulation but
was insignificant at most sites. Evapotranspiration exceeded precipitation in more
than half of the observation years at sites below 35 ◦N. Annual evapotranspiration at
non-energy-limited sites increased with precipitation, reaching a mean wet-year evap-
otranspiration of 833 mm for evergreen needleleaf forests, 861 mm for mixed forests,
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558 mm for woody savannas, 367 mm for grasslands and 254 mm for shrublands.
Thirteen sites experienced at least one multi-year dry period, when mean precipita-
tion was more than one standard deviation below the historical mean. All vegetation
types except evergreen needleleaf forests responded to multi-year dry periods by low-
ering evapotranspiration and/or significantly year-over-year depletion of subsurface
PAWS. Sites maintained wet-year evapotranspiration rates for 8 to 33 months be-
fore attenuation, with a corresponding net PAWS drawdown of as much as 334 mm.
Net drawdown at many sites continued until the dry period ended, resulting in an
overall cumulative withdrawal of as much as 558 mm. Evergreen needleleaf forests
maintained high evapotranspiration during multi-year dry periods with no apparent
PAWS drawdown; these forests are currently resilient drought, but may prove vulner-
able to longer and warmer dry periods that reduce snowpack storage and accelerate
evapotranspiration. 1
1This chapter is a revision of (Rungee et al., 2018). Evapotranspiration response to multi-year
dry periods in the semi-arid western United States. Hydrological Processes
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2.1 Introduction
Mountain watersheds supply approximately two thirds of freshwater in arid re-
gions, serving as an essential or supportive water source for approximately 44% of
the global population (Viviroli et al., 2007). The complex topography, steep tempera-
ture and precipitation gradients with elevation, high inter-annual climate variability,
and heterogeneous vegetation distribution in these watersheds limit our ability to
accurately estimate and represent major components of the hydrologic cycle (Bales
et al., 2006). Multi-year dry periods are arguably the most complex yet least un-
derstood natural hazard, with slow progression and long-term socio-economic effects.
Gaps in knowledge of drought resistance exacerbate the impacts of multi-year dry
periods by impeding anticipatory planning and operational water-resources manage-
ment decisions (Cancelliere et al., 2007; Mishra and Desai, 2005; Modarres, 2007).
The frequency, intensity and duration of drought are anticipated to increase in the
coming century (Stocker et al., 2013), and history is an incomplete guide to future
stresses.
Evapotranspiration accounts for the majority of water leaving a semi-arid region
watershed (Bales et al., 2006), and the timing and magnitude of precipitation and
evapotranspiration govern basin runoff. Evapotranspiration is challenging to mea-
sure directly at individual sites, and shows high spatial heterogeneity with water
availability, temperature, vegetation type and vapor pressure variability (Viessman
and Lewis, 2003). Many drought assessments either supplement actual evapotran-
spiration with potential evapotranspiration (PET) or develop an index that is based
largely on precipitation. Poor correlation in the inter-annual variability of precipi-
tation and evapotranspiration (Oishi et al., 2010), and the often weak relationship
between evapotranspiration and temperature in water-limited regions can lead to
misrepresentation of evapotranspiration (McAfee, 2013). The evapotranspiration re-
sponse to drought varies significantly with vegetation type (Vicente-Serrano et al.,
2013); this variation is generally unaccounted for in PET-based indices and under-
scores the need to consider actual evapotranspiration when assessing drought stress
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across landscapes (Bales et al., 2018).
Subsurface plant-accessible water storage (PAWS) capacity has been defined as
the amount of subsurface water that is accessible for extraction by roots (Klos et al.,
2018). This reservoir of water sustains evapotranspiration during periods when evap-
otranspiration exceeds precipitation, and is important both seasonally and during
multi-year dry periods (Bales et al., 2018, 2011). A second water store, seasonal
snowpack, extends the period that subsurface PAWS is replenished after precipita-
tion ends. This can be especially important for locations with long summer dry
periods such as Californias Sierra Nevada, where the snow-cover period averages 2-3
weeks longer for each 300-m increase in elevation, reflecting both more precipitation
and later melt (Bales et al., 2015; Rice et al., 2011). The spatial response of evapo-
transpiration to the cumulative depletion of subsurface PAWS during multi-year dry
periods, and of the effect of reduced snowpack storage on PAWS depletion as climate
warms, are not well known. Advances in technology have improved our ability to
quantify components of the hydrologic cycle, as well as examine and monitor the im-
pacts of multi-year dry periods. The growing network of eddy-covariance flux towers
provides direct measurements of the land-atmosphere fluxes of water, carbon and en-
ergy. Eddy-covariance data have been used to examine drought in Canadian boreal
forests (Zha et al., 2010); and scaled to assess drought impacts across river basins in
the western United States (Bales et al., 2018). Precipitation and evapotranspiration
time series can be combined to infer the seasonal and multi-year net drawdown of
PAWS (Fellows and Goulden, 2017).
We combined multi-year records of precipitation with evapotranspiration records
measured by eddy covariance to estimate the PAWS drawdown at tower sites across
the semi-arid western United States. These measurements were compared across
and within vegetation types and climatic regimes to address three questions. First,
how do annual values and seasonal trends of evapotranspiration vary by climate and
land-cover type? Second, what amount of annual dry-season evapotranspiration is
supported by the seasonal drawdown of PAWS, and how does this vary by climate and
land-cover type? Third, how much PAWS is available to support evapotranspiration
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during multi-year dry periods?
2.2 Methods
We used existing eddy-covariance datasets to assess the effects of multi-year dry
periods on measured evapotranspiration. We defined multi-year dry periods as three
or more consecutive years having a mean dry-period annual precipitation at least
one standard deviation below the sites historical mean. Evapotranspiration and tem-
perature data from eddy-covariance flux towers were compiled and processed, along
with site characteristics. Precipitation data for the sites were obtained from a variety
of sources. We used daily and monthly evapotranspiration and precipitation data
during the dry season to quantify the fraction of annual evapotranspiration that is
supported by subsurface plant-accessible water storage (PAWS). We also calculated
the net long-term drawdown of subsurface PAWS before any attenuation of evapo-
transpiration was observed during multi-year dry periods. Finally, we looked at how
snowpack storage affects the seasonal evapotranspiration dependency on PAWS and
how this may change with a shift from snow to rain.
Study area
This study focused on sites in the western United States, in and near the Sierra
Nevada, Rocky, San Jacinto, Jemez, and Santa Catalina mountains. The study area
is bounded by latitudes 31.75-43.15 ◦N and longitudes 121.00-105.60 ◦W (Figure 2.1).
These areas are categorized as semi-arid to arid, with mean-annual (October through
September) precipitation ranging from 139 to 1341 mm per year, and average annual
temperatures ranging from -0.9 to 23.3 ◦C (Table 2.1). The study sites have an
elevation range of 129 to 3190 m above mean sea level, and include evergreen needleleaf
forests, mixed forests, woody savannas, grasslands, and shrublands.
22
Data
Sites having at least five years of continuous data were compiled through direct cor-
respondence with principal investigators and/or the Ameriflux website (http://ameriflux.lbl.gov/),
providing 25 flux-tower sites and 223 site years of data. Data gaps, due to power out-
ages, sensor malfunctions or low-turbulence periods were filled using multiple steps
(Aubinet et al., 2012). First, night-time friction-velocity thresholds were calculated,
and night-time values below the threshold removed (Gu et al., 2005). Second, linear
regression with the carbon-dioxide flux, photosynthetically active radiation and tem-
perature, and multiple linear regression with any combination of the three variables
were compared to determine the best fit for gap filling. The best-fit model was then
used to gap fill 30-min evapotranspiration data, iterating over three filling increments
(30, 90, and 365 days). Data gaps were not filled with the best-fit model if over 90% of
the data available for regression were missing in an iteration, or the r2 for the best-fit
model was less than the r2 threshold, determined by gap filling the 30-min data using
incoming photosynthetically active or solar radiation (Goulden et al., 2012). Third,
small gaps in the 30-min data (≤3 hrs) were filled using linear interpolation. Fourth,
the remaining gaps in the 30-min data were filled using the relationship developed to
determine the r2 threshold if above 0.4, otherwise by linear interpolation. Fifth, the
gap-filled 30-min data were summed to daily values, and the energy balance closed
by linear regression of turbulent fluxes (latent and sensible heat) and available energy
(Rnet-G) forced through the origin (Goulden et al., 2012; Twine et al., 2000). Energy-
balance closure was not performed on sites either being cited as unnecessary (Scott
et al., 2010), or in warm deserts, as this has shown to overestimate evapotranspira-
tion by up to 20% resulting in mean evapotranspiration greater than precipitation
(Biederman et al., 2018). If the ground heat flux was missing from the dataset, it
was estimated as:
G = 0.35×(Rnete0.9×ln(1−fc)), (2.1)
where G is the soil heat flux, Rnet is the net radiation measured from the flux tower,
fc is the fractional canopy cover (Norman et al., 1996). This step was only needed
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for three sites, and fractional canopy cover values were obtained from literature and
discussion with flux-tower principal investigators. Here, 0.36 was used for US-Vcm
(Broxton et al., 2015; Harpold et al., 2015), 0.67 was used for US-Vcp, and 0.05 was
used for US-SCd. Daily evapotranspiration values were limited to be a maximum of
vegetation-corrected Hamon PET (Rao et al., 2011).
Locally measured precipitation data were used where available. Precipitation data
were obtained through literature review and direct discussion with flux-tower principal
investigators (Table 2.2). Site-corrected monthly PRISM precipitation data were used
to extend all precipitation datasets back to 1981. This provided a minimum 35-year
distribution for multi-year dry-period detection. 800-m PRISM data were corrected
to the site observations on a monthly timestep by linear regression through the origin.
All site data agreed well with PRISM (r2=0.77).
30-min flux-tower measurements of temperature were aggregated to daily average
values, and data gaps filled with 800-m PRISM data. Monthly aggregated tempera-
ture data were used to estimate vegetation-corrected Hamon PET (Rao et al., 2011).
These data were used to identify energy-limited sites in a Budyko framework.
We used three steps to determine the contribution of snowpack storage to PAWS.
Ten sites were identified as receiving snow based on monthly mean daily temperature
≤1◦C (Marks et al., 2013). At one site it was determined that snow was intermittent,
and that melt was fast relative to our monthly time step. Snow accumulation and melt
for the other nine sites with a possible seasonal snow influence were estimated from co-
located SNOTEL stations or other on-site measurements (Table 2.2). For three sites
with snow-depth but not snow-water-equivalent data, precipitation was assumed to be
all snow during the periods when depth was increasing, and snowmelt was assumed to
be proportional to decreases in snow depth, neglecting snow compaction. Snow-water-
equivalent (SWE) data were blended with rain-gauge precipitation data to calculate
winter snow accumulation and melt. All snowmelt was assumed to contribute to
subsurface PAWS, and precipitation during snowmelt periods was assumed to be
rain.
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Analysis
Sites with a Hamon-corrected potential evapotranspiration to precipitation ratio
of <0.8 were considered extremely energy limited. Sites with a ratio approximately
equal to one (0.8-1.2) were classified into energy vs. moisture limitation based on the
slope of the regression between growing-season temperature (April-September) and
annual evapotranspiration, with a positive slope indicating energy-limitation (Garcia
et al., 2014; Karnieli et al., 2010). This step was taken to minimize uncertainty in the
Hamon PET. A sites mean wet-year evapotranspiration was calculated from the evap-
otranspiration observed during years with above average precipitation. These values
were used to detect the response of evapotranspiration to multi-year dry periods.
Critical PAWS drawdown is defined as the net drawdown from the onset of a multi-
year dry period until a significant evapotranspiration decline is observed. The critical
year was identified as the point during a multi-year dry period when cumulative annual
evapotranspiration dropped below 80% of a sites mean wet-year evapotranspiration.
As many sites lacked sufficient data to generate a non-skewed distribution, the 80%
threshold provided a consistent value across all sites. This threshold was selected
by assessing plots of annual evapotranspiration, accumulated at a daily timestep for
all years on record and observing how the daily accumulated trends responded to
multi-year dry periods. The critical month during that year was then identified as
the inflection point of the cumulative-annual evapotranspiration curve. The inflection
was detected using a three-month sliding window to minimize false detection from
an anomaly or inter-annual monthly variability. Critical drawdown was calculated as
the net drawdown of PAWS from the onset of the multi-year dry period to the critical
month. Dry-period drawdown was estimated as the net drawdown of PAWS over the
entire multi-year period.
The effect of the delayed contribution of snowmelt to the amount of dry-season
PAWS needed to supplement evapotranspiration was assessed considering all precip-
itation falling as rain.
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Limitations and sources of Uncertainty
We identified four potential sources of uncertainty. First, evapotranspiration mea-
surements are made at only a limited number of sites, and do not represent all of the
climate, geology and vegetation variability of this region. Further, the mean available
flux-tower record for the 25 sites was less than 9 years; and of the 223 site years of
data, 58 involved multi-year dry periods.
Second, data processing to fill gaps involved assumptions, such as the decision to
force close the energy balance. Literature on this topic is controversial, with some
circumstantial evidence that the imbalance in the energy budget (RnetG = LE +H),
where Rnet is net radiation, G is the soil heat flux, LE is latent heat and H is
sensible heat, is related to an underestimation of LE and H (Wilson et al., 2002), and
other analyses showing that correcting for this imbalance leads to an over estimation
of evapotranspiration (Biederman et al., 2018). We determined whether or not to
close the energy balance based on literature reports that forced closure is especially
problematic at warm desert sites (Biederman et al., 2018; Scott et al., 2010).
Third, our assumption that all precipitation infiltrates and contributes to PAWS
could lead to an underestimation of evapotranspiration withdrawal from storage and
thus PAWS at sites where high-intensity rainfall results in overland flow.
Fourth, our assumption of negligible lateral flow could lead to an overestimation
of critical PAWS drawdown for sites with water convergence, and an underestimation
for sites with divergence (Fellows and Goulden, 2017).
2.3 Results
Seasonal variability and dependence on plat-accessible water
storage
Mean monthly evapotranspiration and precipitation show seasonal patterns for
each site, with winter periods when precipitation exceeds evapotranspiration, and
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summer when evapotranspiration is supported by subsurface PAWS drawdown (Fig-
ure 2.2). Nine of the 25 sites had appreciable snowfall and snowmelt, and the remain-
ing sites received little or no snow. The snowpack at five sites was sufficiently long-
lasting to introduce a one-month lag before evapotranspiration relied on subsurface
PAWS (US-CZ3, US-NR1, US-Vcm, US-GLE, RMEA). The hatched areas represent
evapotranspiration from sublimation (Molotch et al., 2009; Schlaepfer et al., 2014).
Evapotranspiration peaks during the winter and spring at the warmer sites, and
later at the colder sites. Sites with a Mediterranean climate (indicated by bold
lettering in Figure 2.2) receive precipitation mainly during the cool season. The
seven sites in the interior Southwest receive a summer monsoon (indicated by non-
bold lettering in Figure 2.2) and have year-round precipitation. Evapotranspiration
peaks during the summer at the monsoon-influenced sites, with smaller peaks in the
winter at warmer sites and spring at colder sites. Evapotranspiration peaks in the
summer at the Colorado and Wyoming sites. PET values are shown on Figure 2 for
reference.
Annual evapotranspiration averaged from 514 to 892 mm yr−1 at the evergreen
needleleaf and mixed forest sites, and from 131 to 502 mm yr−1 at the savanna,
grassland and shrubland sites in Arizona and southern California. Annual evapotran-
spiration from subsurface storage were calculated by integrating the shaded areas in
Figure 2.2 for each site year (Figures A.1.1-25). The four forested sites in California
had the greatest values, averaging about 258 to 512 mm yr−1, with savanna, grass-
land and shrubland sites in Arizona and southern California have the least, 67 to
198 mm yr−1 (Figure 2.3). Over half of the annual evapotranspiration at most of
the Mediterranean climate sites was supported by subsurface storage (52 8%, mean
standard deviation), versus less than one third at the monsoon-dominated sites
(31 9%).
Shrublands showed the largest inter-site range of mean evapotranspiration, 131 to
538 mm yr-1, and large within-site inter-annual ranges, e.g. 0.45 to 1.73 times the
mean at US-SCd in southern California (Table 2.1, Figure 2.4). However, the three
Idaho shrublands, which are energy limited, had ranges averaging 0.95 to 1.04 times
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the mean. Evergreen needleleaf forests also exhibited a large range between sites,
with mean evapotranspiration values ranging from 514 to 892 mm yr-1. Within-site
interannual ranges were relatively low for US-NR1 (0.93 to 1.07) and US-CZ3 (0.92
to 1.12), with the first energy limited and the second non-energy limited. The range
for the mixed-forest US-CZ2 was much wider (0.70 to 1.40). The two relatively warm
forested sites in New Mexico had asymmetric ranges (0.49 to 1.21). Savanna and
grassland sites averaged 342 to 599 and 293 to 340 mm yr-1, respectively; and had
interannual ranges from 0.67 to 1.54 at US-Wkg and 0.74 to 1.50 at US-CZ1, to 0.94
to 1.05 at energy-limited RMEA.
Maximum evapotranspiration by land-cover type
Annual evapotranspiration increased with precipitation up to a maximum thresh-
old that varied by land-cover type (Figure 2.4a). Two evergreen needleleaf forest
(US-GLE and US-NR1), one woody savanna (RMEA) and three shrubland (RMES,
USA, USS) sites were energy limited. Removing these energy limited sites and years
with below average precipitation gives mean values of maximum water year evap-
otranspiration of 833, 861, 558, 367 and 254 mm yr-1 for the evergreen needleleaf
forest, mixed forest, woody savanna, grassland and shrubland land-cover types, re-
spectively (Figure 2.4b-c). This is equivalent to 84, 110, 113, 87 and 95 percent of
mean non-energy-limited site precipitation, respectively.
Site response to multi-year dry periods
High evaporative index values across many sites and years suggest that PAWS
helps to support evapotranspiration during multi-year dry periods (Figure 2.5). Thir-
teen of the sites had at least one multi-year dry period in the record, and two of the
sites had two dry periods (Table 2.3). All but two of these (US-CZ3 and US-Blo)
showed an attenuation of evapotranspiration (Figure 2.6). The two evergreen needle-
leaf forest sites failed to show a cumulative decrease in storage, and neither experi-
enced an attenuation of evapotranspiration. The two mixed-forest sites had critical
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PAWS drawdowns of 334 and 272 mm, and resistances of 21 months. All woody-
savanna sites exhibited an attenuation of evapotranspiration, with one, US-SRM,
showing no cumulative depletion of storage. US-CZ1 and US-SRM had low resis-
tances, 8 and 12 months, respectively, compared to US-Ton which had two multi-year
dry periods, both of which showed resistances of 20 months before an attenuation of
evapotranspiration was observed. All grassland multi-year dry periods exhibited an
attenuation of evapotranspiration, with one site having two dry periods but no PAWS
drawdown (US-Var), and the other (US-SCg) having a critical PAWS drawdown of 40
mm. Dry-period resistance for grasslands ranged from 8 to 32 months. All shrubland
sites experiencing a multi-year dry period showed an attenuation of evapotranspira-
tion, with only US-SCc showing no cumulative depletion of PAWS. Shrubland critical
PAWS drawdown ranged from 38 to 288 mm, with resistances ranging from 11 to 23
months. All land-cover types showed continued drawdown of PAWS through the
remainder of their multi-year dry periods.
Effect of snowpack on PAWS dependency
Precipitation that falls as snow rather than rain delays infiltration, which shortens
the duration of dry season drawdown and reduces the amount of mean-annual evap-
otranspiration supported by PAWS. The occurrence of snow rather than rain, and
the timing of subsequent melt, augmented subsurface PAWS by an average of about
4% at US-Vcp, 4% at US-CZ3, 17% at US-NR1, 20% at US-GLE, 9% at RMEA,
and near zero or negative at US-Vcm, USA, USS and RMES (Figure A.2.1). The
contribution of snowmelt during peak evapotranspiration years was as high as 8% at
US-Vcp, 10% at US-CZ3, 7% at US-NR1 and 23% at US-GLE, 4% at RMEA.
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2.4 Discussion
Annual and seasonal evapotranspiration by land-cover type
and climate
Annual evapotranspiration measured across the 25 sites ranged from 66 to 1066
mm yr-1, with higher rates in evergreen-needleleaf and mixed forests, and lower rates
in grasslands and shrublands in Arizona and southern California. Evapotranspiration
was positively correlated with precipitation (r2=0.58) and negatively with tempera-
ture (r2=0.35), and cooler, wetter sites typically had a higher annual evapotranspi-
ration (Figure A.3).
We further investigated the relationship between evapotranspiration, temperature
and precipitation seasonality by classifying the sites into four groups: energy-limited
Mediterranean (Idaho), non-energy-limited Mediterranean (California), energy-limited
monsoon (Wyoming and Colorado), and non-energy-limited monsoon (New Mexico
and Arizona). Shrublands showed the greatest variation between energy-limited and
non-energy-limited sites, with energy-limited Mediterranean locations exhibiting the
highest average annual evapotranspiration (509 mm) and non-energy-limited Mediter-
ranean sites exhibiting the lowest (194 mm). Shrublands displayed the greatest rela-
tive ranges in annual evapotranspiration and precipitation, and have been shown to
have high variability in leaf area index and spacing as a function of water availability,
shrub size, species, and competition (Phillips and Macmahon, 1981). A relatively
high vegetation density at the energy-limited Mediterranean sites, which also have
higher annual precipitation, may have offset a shorter growing season. No signif-
icant correlations in annual evapotranspiration with climate were apparent at the
remaining sites. One site, US-Vcp, showed a mean-annual evapotranspiration that
was greater than mean-annual precipitation. Calculations of the Topographic Wet-
ness Index (not shown) indicated that US-Vcp is in an area of water convergence,
suggesting that evapotranspiration may be supported by lateral inputs.
Mediterranean sites showed distinct peaks in evapotranspiration during summer,
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when precipitation was generally low. Evapotranspiration at sites experiencing a
monsoon generally peaked with summer precipitation. Most sites having significant
snow accumulation showed evapotranspiration peaking 35 months following the last
significant winter storm. The consistent lag of peak evapotranspiration after the
transition from snow accumulation to melt suggests that an earlier timing of peak
snow-water equivalent may lead to earlier peaks in evapotranspiration, consistent
with the findings of Hamlet et al. (2007).
Dry-season water drawdown
Figures 2.2-3, 2.5 show that evapotranspiration in all land-cover types and cli-
mates is sustained in part by the seasonal withdrawal of subsurface storage. The
fraction of mean-annual evapotranspiration supported by seasonal subsurface PAWS
drawdown ranged from 16 to 64%. PAWS drawdown had a weak positive correlation
with precipitation (r2=0.10, p=0.005) and a strong positive correlation with annual
temperature (r2=0.70, p<0.001) at sites with seasonal snowpack (Figure A.4). Draw-
down at rain-dominated sites was positively correlated with precipitation (r2=0.51,
p<0.001) and negatively with temperature (r2=0.49, p<0.001). This indicates the
lagged contribution of snowmelt to PAWS currently reduces the dependence on dry-
season PAWS and suggests these areas may be vulnerable to an increased reliance on
seasonal PAWS with climate warming. Evapotranspiration at sites with a Mediter-
ranean climate showed the most dependency on subsurface PAWS, with average values
of 53% for non-energy-limited and 48% for energy-limited sites. Monsoon-influenced
sites depended on PAWS for 33% of annual evapotranspiration at non-energy-limited
and 18% at energy-limited sites. This is consistent with the seasonal trends of evap-
otranspiration in Figure 2.2, which show the peak growing season for Mediterranean
sites occurring during a period with little to no rain, whereas evapotranspiration at
monsoon sites peaks with monsoonal precipitation.
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Evapotranspiration supported by PAWS during multi-year
dry periods
Evergreen needleleaf forests maintained high rates of evapotranspiration despite
the occurrence of multi-year dry periods, whereas evapotranspiration in the other
land-cover types was attenuated (Table 2.3). Figure 2.2 shows that measured evapo-
transpiration closely tracked evaporative demand, with a narrow gap for sites where
annual precipitation grossly exceeded evapotranspiration (US-Blo and US-CZ3). A
smaller gap between measured and potential evapotranspiration was observed at
energy-limited sites (US-NR1 and US-GLE). This suggests evergreen needleleaf forests
occur at locations with sufficient access to water to meet the evaporative demand.
Mixed-forest sites used substantial amounts of subsurface PAWS, and the remaining
land-cover types varied significantly, ranging from no dry-period drawdown to several
hundred millimeters. High values of net drawdown at mixed forested sites suggests
that current levels of evapotranspiration may be unsustainable, with drought-induced
tree mortality observed at US-CZ2 during Californias 2012-2015 drought (Bales et al.,
2018).
Effect of snowpack on PAWS dependency
The presence of snowpack storage delayed the recharge of PAWS and decreased
the mean-annual amount of evapotranspiration supported by subsurface PAWS for all
snow-influenced sites but two (US-Vcm and RMES). Snowpack provided the greatest
benefits for the two energy-limited evergreen needleleaf forest sites (US-NR1 and
US-GLE), augmenting subsurface PAWS by 17-20%. These sites may become more
vulnerable to multi-year dry periods if warming reduces the fraction of precipitation
falling as snow. For example, as warmer temperatures shift from precipitation from
snow to rain and melt snow earlier, the rain + snow lines on Figure 2.3 will more
closely resemble the precipitation lines, increasing the shaded areas that represent
evapotranspiration from PAWS drawdown. At warmer snow sites such as US-Vcp,
US-Vcm and US-CZ3 this effect will be relatively small in most years but important
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in years when late-spring (April-June) precipitation is small (Figure A.1). At colder
sites that currently have lower dependence on PAWS such as US-NR1 and US-GLE,
this shift from snow to rain large relative increases in demand on PAWS will occur
in most years (Figure A.1).
Loss of snowpack storage had little or no effect on reliance on PAWS at the energy-
limited woody savanna and shrubland sites (RMEA, USA, USS and RMES) in most
years, but appear sensitive to precipitation type in years with little spring rain or
snowfall. The US-CZ2 and US-SCf sites relied heavily on year-over-year PAWS draw-
down during multi-year dry-periods, and are also particularly vulnerable to episodic
tree mortality (Bales et al., 2018). A loss of snowpack storage with warming at some
sites may increase the reliance on PAWS drawdown with implications for forest die-
off. As warming extends the growing season, higher spring evapotranspiration at
most sites will increase withdrawal from PAWS (Figures 2.3 and A.1). In general,
the effect will be more pronounced at sites that currently have significant snow accu-
mulation, limited dependence on PAWS and relatively uniform monthly precipitation
(e.g. US-NR1, US-GLE). At all sites that currently have snow snowpack storage, the
combination of higher evapotranspiration in a warmer spring and limited late-spring
and early summer precipitation will increase dependence on PAWS. That is, as snow
shifts to rain, the timing of precipitation will become more important in determining
PAWS drawdown and thus moisture stress. While large winter snow accumulation
can somewhat offset a drier spring, interannual variability in spring temperature and
energy balance, and thus snowmelt timing, will also become more important.
2.5 Conclusions
We used a suite of eddy-covariance flux towers across the semi-arid western United
States to assess the response of evapotranspiration to multi-year dry periods. Mediter-
ranean climate sites showed greater dependency on seasonal plant-accessible water
storage (PAWS), suggesting that vegetation distribution in these areas is particu-
larly sensitive to subsurface PAWS capacity. Time-series during multi-year dry peri-
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ods showed that all land-cover types except evergreen needleleaf forests exhibited a
year-over-year depletion of subsurface PAWS, which allowed a normal range of evap-
otranspiration to be maintained. Evergreen needleleaf forests maintained wet-year
evapotranspiration rates with no net PAWS drawdown despite multi-year dry pe-
riods, indicating sufficient available water to meet the evapotranspiration demand.
Mixed-forests withdrew the most from PAWS with one site drawing more than 530
mm over a multi-year dry period. The delayed recharge of PAWS by snowmelt most
benefits the energy-limited evergreen needleleaf forests, where it decreases seasonal
drawdown by 17-20%. A shift from snow to rain may increase the vulnerability of
forests to multi-year dry periods.
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Table 2.1: Sites characteristics. The IGBP land-cover types are evergreen needleleaf forests
(ENF), mixed forests (MF), woody savannas (WSA). grasslands (GRA), and shrublands
(OSH).
Site1 Site Abbr. Lat Lon Elev., m
Mean
precip,
mm
Mean
ET, mm
Mean
temp,
◦C
IGBP2
Period of
record
Blodgett
Forest
BF 38.90 -120.63 1315 1341 892 11.4 ENF 1998-2007
Mount Bigelow MB 32.42 -110.73 2583 720 718 9.6 ENF 2010-2015
Valles Caldera
Ponderosa Pine
US-Vcp 35.86 -106.60 2495 457 704 6.5 ENF 2008-2014
Providence US-CZ3 37.07 -119.20 2015 1379 644 8.6 ENF 2009-2015
Niwot Ridge US-NR1 40.03 -105.55 3050 873 629 1.5 ENF 2000-2014
Valles Caldera
Mixed Conifer
US-Vcm 35.89 -106.53 3035 795 531 4.5 ENF 2008-2014
GLEES US-GLE 41.36 -106.24 3190 1282 514 -0.9 ENF 2001-2015
Soaproot
Saddle
US-CZ2 37.03 -119.26 1160 934 658 13.5 MF 2011-2015
James
Reserve
US-SCf 33.81 -116.77 1770 637 626 12.6 MF 2007-2014
Reynolds
Mountain
East Aspen
RMEA 43.07 -116.76 2055 987 599 5.7 WSA 2008-2012
Tonzi Ranch US-Ton 38.43 -121.00 169 578 539 16.3 WSA 2002-2015
San Joaquin
Experimental
Range
US-CZ1 37.11 -119.73 405 502 378 17.7 WSA 2011-2015
Santa Rita
Mesquite
US-SRM 31.82 -110.87 1116 406 342 18.6 WSA 2005-2015
Vaira Ranch US-Var 38.41 -120.95 129 579 340 15.8 GRA 2002-2015
Grassland US-SCg 33.74 -117.70 470 363 305 16.7 GRA 2007-2015
Walnut Gulch
Kendall
Grassland
US-Wkg 31.74 -109.94 1531 329 293 17.0 GRA 2005-2015
Upper Sheep
Aspen
USA 43.12 -116.72 1984 576 538 5.9 OSH 2005-2012
Upper Sheep
Sagebrush
USS 43.12 -116.72 1878 575 500 6.3 OSH 2006-2012
Reynolds
Mountain
East
Sagebrush
RMES 43.07 -116.76 2098 814 472 5.3 OSH 2003-2007
Coastal Sage US-SCs 33.73 -117.70 475 357 340 16.9 OSH 2007-2015
Walnut Gulch
Lucky Hills
US-Whs 31.74 -110.05 1372 300 275 17.1 OSH 2008-2015
Santa Rita
Creosote
US-SRC 31.91 -110.84 991 341 224 19.3 OSH 2009-2012
Pinyon US-SCw 33.61 -116.46 1280 234 190 15.9 OSH 2007-2015
Pinyon Burn US-SCc 33.61 -116.45 1300 234 152 15.8 OSH 2007-2015
Low Desert US-SCd 33.65 -116.37 275 139 131 23.3 OSH 2007-2012
1 Related publications: US-Blo, (Goldstein et al., 2000); US-Vcp, (Litvak, 2016), US-Vcm,
(Litvak, 2016); US-NR1, (Monson et al., 2002); US-GLE, (Frank et al., 2014); US-Ton and
US-Var, (Ma et al., 2007); US-SRM, US-Wkg and US-Whs, (Scott et al., 2006); US-SRC,
(Wolf et al., 2016). Bold denotes Mediterranean climate sites.
2 IGBP refers to the International Geosphere-Biosphere Programme land-cover classification
system.
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Table 2.2: Precipitation and snow data sources.
Site1 Precipitation data source Snow data source
US-Blo Flux-tower measurements
MB Mt. Lemon gauge
US-Vcp
Remote Automated Weather Station (RAWS)
Redondo Station
Cooperative Observer Network
(COOP) Wolf Canyon station
US-CZ3
United States Forests Service Upper Met
Providence station
On-site snow-pillow data
US-NR1
United Station Climate Reference Network Boulder
14W station 7 SNOTEL 663: Niwot
US-Vcm RAWS Jemez station SNOTEL 708: Quemazon
US-GLE
National Atmospheric Deposition Program WY95 until
(<2008), then a NOAH IV ETI Instrument Systems,
Fort Collins, CO, USA (2008-present)
SNOTEL 367: Brooklyn Lake
US-CZ2 RAWS Mountain Rest station
US-SCF COOP Idyllwild Fire station
RMEA
US Department of Agricultures Agricultural
Research Service Northwest Watershed
Research Center (NWRC) rmsp3 station
On-site snow-pillow data
US-Ton
Western Regional Climate Center (WRCC)
Camp Pardee station
US-CZ1 RAWS Hurley station
US-SRM Flux-tower measurements
US-Var WRCC Camp Pardee station
US-SCg PRISM
US-WKG Flux-tower measurements
USA NWRC 138j10 station On-site snow-depth data
USS NWRC 138j10 station On-site snow-depth data
RMES NWRC 176 station On-site snow-depth data
US-SCs PRISM
US-Whs Flux-tower measurements
US-SRC Santa Rita Experimental range Northeast station
US-SCw
Boyd Deep Canyon Research Center Pinyon
Crest station
US-SCc
Boyd Deep Canyon Research Center Pinyon
Crest station
US-SCd
Boyd Deep Canyon Research Center Pinyon
Crest station
1 Note: data accessed between 2/2/2018-2/10/2018. Bold denotes Mediterranean climate sites.
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Table 2.3: Resistance and plant-accessible-water-storage drawn during multi-year dry
periods resulting in evapotranspiration (ET) attenuation..
Site1
Dry
period
WY
start
Dry
period
WY end
Critical
annual
ET, mm
Critical
calendar
year
Critical
calendar
month
Dry-
period
resis-
tance,
months
Critical
PAWS
draw-
down,
mm
Dry-
period
draw-
down,
mm
US-CZ3 2012 2015 581 - - - - -
US-Blo 2001 2004 790 - - - - -
US-CZ2 2012 2015 782 2013 7 21 334 558
US-SCf 2012 2014 682 2013 7 21 272 382
US-Ton 2012 2015 537 2013 6 20 154 450
US-Ton 2007 2009 537 2008 6 20 173 255
US-CZ1 2012 2015 415 2012 6 8 0 184
US-SRM 2009 2014 344 2009 10 12 38 0
US-SCg 2012 2015 30 2013 10 19 40 223
US-Var 2012 2015 324 2014 6 32 0 0
US-Var 2007 2009 324 2007 6 8 0 0
US-SCs 2012 2015 362 2013 9 23 288 416
US-SCw 2012 2015 222 2012 10 12 51 113
US-Whs 2011 2013 261 2011 12 14 38 39
1 Bold denotes Mediterranean climate sites.
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Figure 2.1: Flux-tower locations. Color codes and different markers represent land-cover
types. The background is the IGBP layer for the region.
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Figure 2.2: Monthly means of measured evapotranspiration (ET), potential evapotranspi-
ration (PET), rain plus snowmelt (rain + snowmelt), and total precipitation (precipitation).
The solid shaded area represents the average monthly ET supported by seasonal storage
and the hatched area represents evapotranspiration as sublimation and does not contribute
PAWS drawdown. See Table 2.1 for site characteristics. Note: the values here are averaged
monthly values, and shaded area may not exactly match Figure 2.3 mean ET from storage
values which are calculated on an annual basis. Bold denotes Mediterranean climate sites.
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Figure 2.3: Amount of evapotranspiration (ET) supported by plant-accessible water stor-
age for each water year on record by site. Site abbreviation is followed by state abbreviation.
Other site characteristics are given in Table I. Vertical black lines separate land-cover types.
Bold denotes Mediterranean climate sites.
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Figure 2.4: a.1-5. Annual precipitation versus evapotranspiration (ET) by land-cover type
for all sites (b.1-5 legend included here), b.1-5. annual precipitation vs. evapotranspiration
after removing all energy and precipitation-limited sites, and site years with annual pre-
cipitation below the mean, and c.1-5 show ranges of maximum ET for the five land-cover
types.
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Figure 2.5: Measured annual evapotranspiration (ET), estimated potential evapotranspi-
ration (PET), and precipitation (P) for all years of record shown in the Budyko framework
by land-cover type. Refer to Table 2.1 for site characteristics.
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Figure 2.6: Plant-accessible-water-storage drawdown, starting water year and land-cover
type for all sites experiencing a multi-year dry period. Red circles indicate the plant-
accessible-water-storage deficit (
∑
P − ET ) and month in which evapotranspiration de-
clined significantly, relative to wet-year values. Bold denotes Mediterranean climate
sites.
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Chapter 3
Closing the mountain water
balance: evapotranspiration
patterns and uncertainties in
tributaries to Californias Central
Valley, USA
Abstract
Spatially resolved annual evapotranspiration (ET) was calculated across the 14 head-
water river basins draining into Californias Central Valley, USA, based on flux-tower
measurements and data-driven models using satellite greenness, gridded precipitation
and temperature, and land-cover data. Stepwise regression resulted in a root-mean
square error (RMSE) of 57 mm, a mean absolute error (MAE) of 42 mm, and an r2
of 0.93. ET across the 14 basins averaged 558 mm. Leave-one-out cross validation
revealed that model generation was sensitive to site removal, increasing the RMSE
and MAE by 66 and 74%, respectively, implying that additional strategically located
towers would improve ET predictions. Leave-one-out with individual years was less
sensitive, implying that longer records are less important. Average basin-scale ET
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agreed well with annual precipitation minus runoff, with deviations in the wet and dry
years suggesting withdrawal or recharge of subsurface regolith storage. ET peaked at
lower elevations in the north (>39.2 ◦N) and higher elevations in the south, closely
tracking the 11 ◦C mean temperature isocline. ET appeared to be water limited
above 12 ◦C and below 1000 mm, and energy limited at lower temperatures or higher
precipitation. The majority of runoff in northern basins was generated below the
rain-snow transition, and at snow-dominated elevations in the southern basins. Pre-
cipitation and evapotranspiration in this region are closely balanced, and small shifts
in either may cause disproportionate changes in water storage and runoff.
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3.1 Introduction
On average, 61% of Californias annual precipitation is allocated to evapotranspira-
tion in source-water river basins (DWR, 2014). In some areas annual evapotranspira-
tion exceeds annual precipitation during dry years, drawing from multi-year storage
(Rungee et al., 2018). The recent 2012-2015 warm-dry period triggered feedbacks
that either increased or reduced precipitation minus evapotranspiration, an index of
runoff (Bales et al., 2018). There is an acute need to restore mountain watersheds in
California and across the western United States by thinning overstocked forests; this
effort may prioritize areas with important co-benefits for reducing the risk of high-
intensity wildfire, enhancing stream runoff, sequestering carbon, and other services
(Krofcheck et al., 2018; Liang et al., 2018; Saksa et al., 2017). This creates a need for
more-accurate information about how hydrologic fluxes and stores respond to climate
variability and change, and to predict responses of evapotranspiration and runoff to
watershed management (Roche et al., 2018).
Despite the importance of evapotranspiration management for runoff in this re-
gion, physical measurements and methods to accurately distribute evapotranspiration
across the landscape are limited (Bales et al., 2006; Goulden et al., 2012), and cur-
rent methods have shown to produce considerable differences in evapotranspiration
magnitude between one another (Chen et al., 2014). This is due in part to the spatial
and temporal variability of evapotranspiration, especially in Mediterranean-climate
mountainous regions with distinct wet and dry seasons, high heterogeneity in topog-
raphy and land cover, and sharp gradients in precipitation and temperature (Bales
et al., 2006). Evapotranspiration is often estimated through model simulations, as
the residual of extrapolated precipitation and runoff, or as its potential using an em-
pirical relationship with temperature and validated with pan evaporation (Farahani,
H. J. et al., 2007; Ryu et al., 2008).
Eddy-covariance flux towers provide temporally resolved measurements of evapo-
transpiration at the local scale (0.11.0 km2), and have been cited as the most accu-
rate approach for measuring evapotranspiration in Mediterranean climates (Rana and
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Katerji, 2000; Wilson and Baldocchi, 2000). Flux towers have been installed around
the globe over the last 20 years to measure water, carbon and energy exchanges across
various climates and land-cover types (Ryu et al., 2008). Long-term time series of data
are increasingly available, providing information on the evapotranspiration response
to multi-year climate variability Bales et al. (2018); Rungee et al. (2018).
Satellite-based observations are greatly improving hydrologic predictions and fore-
casting (Lettenmaier, 2017), and have created and improved methods for extrapolat-
ing evapotranspiration to regional and global scales (Allen et al., 2007; Chen et al.,
2014; Goulden et al., 2012; Jung et al., 2010). These methods can be categorized
into two groups. The first, physically based methods, are derived from surface-
energy-budget equations such as the Penman-Monteith (Mu et al., 2007, 2011) and
Priestley-Taylor (Jin et al., 2011). While these methods provide a robust representa-
tion of evapotranspiration (Zheng et al., 2017), they require accurate climatic, energy
and biophysical data that have high spatial variability in mountain regions (Goulden
et al., 2012; Lettenmaier, 2017). Physically based models may ultimately provide the
best solution, but are currently bottlenecked by limited data and are too computa-
tionally intensive to be practical at large scales for fine-resolution estimates across
heterogeneous terrain (Goulden and Bales, 2014).
The second, statistically based methods, use data-driven relationships between
observed evapotranspiration and remotely sensed vegetation indices with or with-
out meteorological data (Glenn et al., 2010). Many studies have revealed a strong
correlation between annual evapotranspiration and vegetation indices such as NDVI
(normalized difference vegetation index) and EVI (enhanced vegetation index) in
mountainous terrain for semi-arid regions (Goulden et al., 2012; Groeneveld et al.,
2007). However, vegetation indices appear to miss the variability of evapotranspira-
tion during climate extremes and droughts, and in regions dominated by evergreen
forests (Nagler et al., 2005). Machine-learning algorithms provide an advanced statis-
tical method for generating relationships with evapotranspiration (Chen et al., 2014),
but the limited availability of flux-tower data increases the risks of overfitting and
extrapolation outside the calibration range.
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We combined eddy covariance measured evapotranspiration with remotely sensed
and spatially distributed climatic data to model annual evapotranspiration across the
14 mountainous river basins draining into Californias Central Valley, USA. Our pri-
mary objectives were to assess: 1) how input variables and resolution affect the ability
to represent measured evapotranspiration, 2) how well modeled evapotranspiration
compares with basin-scale evapotranspiration estimated as the residual of basin-scale
precipitation and unimpaired runoff, 3) how uncertainty in the components of the
water balance may be reduced, and 4) where runoff originates in each basin, and its
relationship to precipitation and temperature patterns.
3.2 Methods
We used physical measurements of evapotranspiration coupled with remotely
sensed vegetation greenness and land-cover data, and spatially distributed climatolog-
ical data, to expand the method for scaling evapotranspiration across the landscape
developed by (Goulden et al., 2012). First, 12 non-linear relationships were developed
between evapotranspiration using variables of different spatial resolutions. All rela-
tionships were spatially and temporally compared to determine which combination of
variables best describes the evapotranspiration patterns. The best-performing rela-
tionship was used to generate maps of evapotranspiration over river basins draining
into Californias Central Valley and compared with estimates of evapotranspiration
calculated as the residual of precipitation and unimpaired runoff. Finally, modeled
evapotranspiration was binned by elevation and basin to assess the relationships with
latitude, elevation, temperature and precipitation.
Study area
This study focused on the main 14 headwater river basins draining into Californias
Central Valley (Figure 3.1). California is characterized by a Mediterranean climate,
experiencing mild to cold wet winters and mild to hot dry summers. The majority
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of annual precipitation in this region occurs as snowfall from a small number of large
storms (Bales et al., 2006; Dettinger et al., 2011). Study area elevation ranged from
37 to 4412 m, and basin mean-annual precipitation and temperature ranged from 561
to 1631 mm yr−1 and 6.7 to 13.4 ◦C, respectively.
Statistical model
Annual NDVI, annual precipitation, mean-annual temperature, and the mean of
the current and previous years annual precipitation were considered for building a
statistical model for evapotranspiration. The mean of the current and previous years
precipitation were included to account for the hysteretic relationship between pre-
cipitation and evapotranspiration observed in Mediterranean climates due to plant-
accessible water storage supporting evapotranspiration during multi-year dry periods
(Klos et al., 2018; Rungee et al., 2018).
The model was developed by first creating best-fit relationships between evapo-
transpiration and potential variables considering linear regression and a single-term
power function. The individual best-fit relationships were combined using step-wise
regression. Variable inclusion was based on p-value thresholds and all variables were
tested for collinearity using the Belsley method (Belsley et al., 1980). Relationships
were created for all combinations of MODIS and Landsat, and the 800-m and 4-km
PRISM products, producing four general equations. IGBP land-cover classes were
included by introducing the five main land-cover types as dummy variables in the
step-wise regression.
Data
Evapotranspiration data were taken at 13 eddy-covariance flux towers in Califor-
nia, providing 111 site years of data (Table 3.1). These sites are distributed across the
central and southern part of the state, with at least two sites for each of five primary
vegetation types that account for more than 95% of the study area. Data gaps from
equipment malfunction, power outages and poor atmospheric conditions (Gu et al.,
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2005) were filled using multiple linear regression considering an energy (photosyn-
thetically active radiation), flux (carbon flux) and climatic (temperature) component
iterating over a series of r2, data-availability, and gap-size thresholds (Rungee et al.,
2018). Remaining gaps were filled as a function of incoming solar radiation (Goulden
et al., 2012). The gap-filled data were then summed annually (October-September).
The footprints for all flux towers were viewed as a 0.5×1.0-km rectangle, where
the x direction is perpendicular to the mean-annual wind direction. Flux tower co-
ordinates were centered in the x direction (0.25-km on either side), with a headwind
distance of 0.9-km and a tailwind distance of 0.1-km.
MODIS (Moderate Resolution Imaging Spectrometer) and Landsat 5, 7 and 8 were
used to map the normalized difference vegetation index (NDVI) at 250 or 30-m resolu-
tion, respectively. Landsat NDVI values were calculated from the top-of-atmosphere
surface reflectance product downloaded from Google Earth Engine. NDVI values
among different Landsat sensors were homogenized by cross-calibrating Landsat 7
(NDVI in 2012) and Landsat 8 (NDVI in 2013-2015) into Landsat 5 (Su et al., 2017;
Sulla-Menashe et al., 2016). Annual Landsat NDVI maps were generated by aver-
aging all pixels in a water year (October-September). Pixels with shadow, snow, or
cloud were excluded from the calculation (Zhu and Woodcock, 2012). MODIS NDVI
was obtained from the MYD13Q1.006 Terra Vegetation Indices 16-Day NDVI 250-
m product, providing a continuous time series of maps from 2000 to 2015 (Didan,
2015). Annual MODIS NDVI maps were generated by averaging all pixels in a year
(October-September). The 250-m 16-day pixel-reliability band was used to detect
and remove poor pixels.
The International Geosphere-Biosphere Programme (IGBP) global vegetation-
classification scheme data was obtained from MODIS MCD12Q1.051 Land Cover
Type Yearly Global 500-m product (Friedl et al., 2010). These data were used to
consider vegetation type and had a continuous time-series of annual values for 2001-
2012.
Daily precipitation and temperature data were obtained from the Parameter-
elevation Regression on Independent Slopes Model (PRISM) (Daly et al., 2008). Both
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the 800-m and 4-km products were included. Both precipitation and temperature were
used to generate regressions with flux-tower evapotranspiration, and precipitation was
also used to calculate evapotranspiration as the difference between precipitation and
reported values of unimpaired runoff.
Calculations of unimpaired runoff, the natural runoff from a basin considering no
upstream damming, diversions or human alterations, were obtained from the Cali-
fornia Department of Water Resources (California Data Exchange Center (CDEC),
accessed Oct 19, 2017). Values were taken from streamflow gauges that best rep-
resented the 14 basins (Figure 3.1). All basins had water-year data for 1995-2015,
except Shasta (1999-2015).
30-m Shuttle Radar Topography Mission (SRTM, accessed Jan 16, 2018) digital
elevation data was downloaded from Google Earth Engine, and used to bin all data
in 100-m elevation increments (Farr et al., 2007). The elevation labels refer to the
lower limits of each bin (e.g., the 100 m label corresponds to 100-199 m).
Snow-covered area was obtained from the snow reanalysis dataset developed from
Landsat 5-8 data (Margulis et al., 2016). This dataset was used to determine the
historical basin-mean rain-snow-transition elevation. Jan 1 to March 15 daily snow-
covered-area maps were averaged by basin for each year and then over the 1985-
2016 period. The averaged maps were then binned into 100-m elevation bands and
linear interpolation was used between the two elevation bands above and below 50%
fractional-snow-covered area to estimate the altitudinal transition from rain to snow.
Analysis
Leave-one-out cross validation was used to assess the individual models temporal
and spatial sensitivities. Temporal sensitivities were assessed by removing an individ-
ual water year for model building and then evaluated on the water year removed. This
was iterated over all water years on record, leading to the removal of 1 (1998-2001) up
to 11 (2011) site years in an iteration. Spatial sensitivities were assessed by removing
an individual site for model building and then evaluated on the site removed. This
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was iterated over all sites, leading to the number of site years removed in a single
iteration ranging from 2 (US-CZ4) to 14 (US-Ton and US-Var). Performance was
assessed by comparing the root-mean-square and mean-absolute errors for all models,
and the best performing model was used for the remaining analyses.
The best-performing model was used to model evapotranspiration across the 14
river basins and compared to evapotranspiration estimated as the difference of PRISM
precipitation and CDEC unimpaired runoff (P −Q). The PRISM product resolution
for the P −Q estimates of evapotranspiration was the same as the resolution for the
best performing model.
Trends by elevation and latitude were assessed by binning the evapotranspiration,
NDVI, precipitation and temperature into 100-m increments by basin. Finally, the
difference of binned precipitation and evapotranspiration was multiplied by basin
areas to observe the elevational distribution of runoff generation.
Sources of uncertainty
We identified three primary sources of uncertainty. First, eddy-covariance flux
towers are mainly in water-limited vs. energy-limited locations, thus covering only
part of the climatic range of the region. The Sierra Nevada have been cited as es-
pecially under represented (Yang et al., 2008), although more flux towers have been
added to the Ameriflux dataset since 2008. Data availability is also limited tempo-
rally, with a mean of 8 years available for the 13 flux towers used. Power outage
and instrument failure can lead to month-long gaps; and different methods of gap
filling can lead to variability in results. Moreover, estimates of the flux-tower foot-
print are uncertain, and require information on canopy structure, the distribution of
sources and sinks, and atmospheric conditions to resolve complex and heterogeneous
flows (Kljun et al., 2015). This may lead to a misrepresentation of flux-tower NDVI,
precipitation and temperature.
Second, PRISM data have a monthly mean absolute error of 4.7 to 12.6 mm,
leading to a potential annual error of 98.2 mm (Daly et al., 2008). A comparison
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of PRISM precipitation with snow-water equivalent calculated from snow-pillow data
has shown that PRISM precipitation can undermeasure individual storms by 50% in
the Sierra Nevada, with potential annual underestimates of up to 20% (Lundquist
et al., 2015). These errors may lead to an underestimation of basin-scale evapotran-
spiration when estimated as the difference of PRISM precipitation and unimpaired
runoff.
Third, CDEC unimpaired runoff is calculated by adding reservoir-storage change,
reservoir evaporation, exports to other basins and diversions to irrigation, while
subtracting imports from other basins and return flow from irrigation diversions to
streamflow measurements downstream of the basins major reservoirs (Qualley et al.,
2000). Additionally, sources of uncertainty result from uncharacterized diversions,
using historical monthly patterns for changes in storage, imports and exports where
measured data are unavailable, estimates of open-water evaporation where measure-
ments are unavailable, and correction adjustments made with constant values if mea-
surements are unavailable. These sources of uncertainty may overestimate unimpaired
runoff where corrections exceed actual values and underestimate unimpaired runoff
where the cumulative amount of neglected diversions are significant.
3.3 Results
Relationship between climatic variables and measured
evapotranspiration
NDVI had the best overall regression with measured evapotranspiration, explain-
ing 73% of the variance, but poorly accounted for differences between wet and dry
years, especially for evergreen needleleaf forest, mixed forest and woody savanna sites,
as shown by the low variance in NDVI and the high variance in evapotranspiration
(Figure 3.2a). Annual PRISM precipitation explained 63% of the variance in mea-
sured evapotranspiration, with more outliers observed during dry years, most notably
in forest sites (Figure 3.2b). The mean of the current and previous years precipitation
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increased the explained variance of annual PRISM precipitation from 63 to 71% (Fig-
ure 3.2c). PRISM temperature had a negative correlation with evapotranspiration,
explaining 30% of the variance (Figure 3.2d).
Influence of variable inclusion and resolution on estimated
evapotranspiration
Stepwise regression of the individual relationships resulted in the general expres-
sion:
ET = wNDV I(aNDV INDV I
bNDV I )+wP (aPP
bP )+wT (aTT+bT )+wlc(LC)+int, (3.1)
where ET is predicted evapotranspiration, NDV I is the normalized difference vege-
tation index, P is PRISM precipitation, T is PRISM temperature, LC is landcover,
int is the intercept, w are the variable weights determined by stepwise regression,
and a and b are constants for the individual input variables (Table B.1). Differ-
ent combinations of input variables and data sources were considered to assess their
potential contributions, and all models were an improvement over using just NDVI
(Figure 3.3). Without vegetation type, temperature did not significantly improve the
regression strength and was removed by the stepwise regression, making the mod-
els without vegetation type (NoV) and without both vegetation type and tempera-
ture (NoVT) equivalent (NoV not shown). ET was least sensitive to PRISM reso-
lution with the mean-absolute difference <0.15 mm in root-mean-squared (RMSE)
and mean-absolute (MAE) error. It was most sensitive to variable inclusion, with an
increase in RMSE by 7% and MAE 12% from the model with all variables (AllVars)
to that with temperature removed (NoT); and relative increases 33% and 45%, re-
spectively, when temperature and vegetation type were removed. On average, using
MODIS instead of Landsat NDVI gave 8% lower RMSE and 6% lower MAE. Land-
sat NDVI with vegetation type showed that ET for grasslands was overestimated by
160 14 (mean standard deviation) and for shrublands by 124 10 mm yr−1. Using
MODIS NDVI resulted in underestimating evergreen needleleaf forests by 67 1 mm
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for AllVars, overestimated mixed forests by 66 1 mm for NoT, and overestimated
Grasslands and Shrublands by 158 3 and 93 9 mm, respectively, for both (Table
B.1).
Model spatial and temporal validation
The AllVars models had an RMSE of 60 4 and MAE of 45 3 mm-yr−1 (Figure
3.4), and all statistics hereafter are with respect to the AllVars model. Leave-one-WY-
out slightly increased mean RMSE by 9% and MAE by 8%, while leave-one-site-out
increased these errors by 66 and 74%, respectively. The difference in error between
evaluation methods decreased as more variables were removed. Leave-one-WY-out
RMSE increased by 7 and 3% and MAE by 6 and 2% for NoT and NoVT, respectively.
Leave-one-site-out RMSE increased by 62 and 16% and MAE by 72 and 16% for NoT
and NoVT, respectively. MOD800m had the lowest errors in 22 of 24 tests. MOD4km
outperformed MOD800m for leave-one-site-out-All with a slight reduction in RMSE
(3%) and MAE (4%). MOD4km also showed that temperature was reintroduced in
the NoV variable selection when US-Var was the site removed, resulting in slightly
higher RMSE and MAE errors when compared to NoVT, and the only instance when
the two models differ.
Modeled evapotranspiration versus P −Q
The MODIS with 800-m PRISM data model (MOD800m, Figure 3.3-3.4) provided
the lowest error in 22 of 24 tests and was used to model measured evapotranspiration
across the 14 basins for the 12 years (2001 to 2012) of available land-cover data,
providing 168 basin years of data. Values of ET were compared with basin-scale
estimates of P − Q for all models (Figure 3.5). ET and P − Q showed a general
increase from south to north, with notable exceptions being the Shasta, Feather and
Tule river basins. ET values were less than P − Q for the San Joaquin, Kings, and
Kern river basin. RMSE and MAE were least for the AllVars model and greatest for
the NoT model.
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Trends by elevation and latitude
Temperature decreases with both latitude and elevation (Figure 3.6). The appar-
ent temperature gradient is greatest between latitudes 36.1 to 37.8 ◦N, corresponding
with the greatest range in elevation.
PRISM precipitation shows distinct trends with latitude and elevation. In the
central and southern Sierra, precipitation increases with elevation. In the northern
basins the pattern is mixed, with no consistent elevation gradient. The greatest ranges
of precipitation were observed in higher latitudes, ranging over 1000 mm along their
elevational transects, although there was no significant relationship between elevation
range and precipitation range.
Visually, NDVI appeared the most similar to modeled evapotranspiration, but
with more extreme peaks. The lowest values of NDVI occurred at the higher and
lower latitudinal ranges. NDVI values greater than 0.80 were generally observed
between 37.7 and 39.2 latitude ◦N, and between 500-1300 m elevation. The greatest
NDVI value was observed at 41.4 latitude ◦N and 1000 m elevation.
ET was greatest in the higher latitudes ◦N, peaking at mid to lower elevations, and
generally decreasing at lower latitudes. Latitude 39.6 ◦N had the greatest ET (1088
mm) at an elevation of 1000 m. Only latitudes above 39.2 ◦N observed ET values
greater than 1000 mm, with these values ranging from 400 to 1200 m in elevation.
The lowest values of ET were observed at latitudes between 36.1 to 37.1 ◦N and
40.9 to 41.6 ◦N with minimum values generally occurring near the highest elevations,
except latitudes 41.4 and 41.6 ◦N where the minimum values occurred near the lowest
elevations.
Runoff (Q) calculated as P −ET showed that runoff is more efficiently generated
at higher elevations. Runoff over 2200 mm was observed at latitude 43.1 at 3100 m.
Runoff approached zero at some lower elevation sites at lower latitude.
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Evapotranspiration trends by precipitation and temperature
Evapotranspiration generally increased with temperature and precipitation (Fig-
ure 3.7), linearly increasing 57 mm per ◦C when temperatures above 7.5 ◦C were
removed (r2=0.43, not shown). Evapotranspiration increased 0.75 mm per mm of
precipitation below 990 mm of precipitation (r2=0.50, not shown). Evapotranspira-
tion increased 58 mm per ◦C, explaining 71% of the variance when annual precipi-
tation was greater than 1040 mm, whereas the overall relationship explained 28% of
the variance. The correlation between evapotranspiration and precipitation peaked
at both low (≤-1.6 ◦C) and high (≥12.2 ◦C) temperatures, explaining 87% and 80%
of the variance, respectively, using a power function.
Basin runoff generation
The ratio of annual precipitation to modeled evapotranspiration is greatest at
higher elevations for all basins (Figure 3.8a). The high-elevation zones represent a
small fraction of area in the northern-most basins (Figure 3.8b) leading to negligible
runoff (Figure 3.8c). The ratio of precipitation to evapotranspiration ranged from
1-48 across all basins and elevation bins, with 75% of runoff generated below 2000 m
in elevation in northern basins (Shasta, Feather, Yuba, American and Cosumnes) and
70% generated above 2000 m in southern basins (Tuolumne, Merced, San Joaquin,
Kings, Kaweah, Tule and Kern) (Figure 3.8c). Evapotranspiration exceeded precipi-
tation during several of the study years at 600 to 1700 m in the Tule, 200-300, 900,
1000-1300 m in the Kaweah, and at the lowest elevations in the Stanislaus, Tuolumne,
Cosumnes, and San Joaquin river basins (Figure 3.8a). The rain-snow-transition line
generally rose as latitude decreased and occurred near an annual temperature of 10.8
0.84 ◦C (mean standard deviation).
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3.4 Discussion
Effects of variable inclusion and resolution on estimating
evapotranspiration
MODIS NDVI outperformed Landsat NDVI in predictions of evapotranspiration,
while PRISM resolution differences had a negligible effect. MODIS provides daily
scenes that are aggregated to 8- and 16-day cloud-free, atmospherically corrected
composite images, whereas Landsat scenes are collected less frequently, leading to
fewer cloud-free images. Snow and increased cloud cover during winter could lead
to growing-season biased annual Landsat NDVI values. Future research is needed
to assess the importance of seasonal biases in processing Landsat imagery in areas
with snow cover. Landsat NDVI has been found to be more sensitive to mountainous
terrain, especially during months with low solar elevation, whereas MODIS NDVI
was found to be notably insensitive (Sesnie et al., 2012). A 0.5-km2 footprint results
in the inclusion of about 556 Landsat pixels versus around 8 for MODIS, making
Landsat more sensitive to errors in footprint direction, shape and size.
Using all variables produced the lowest RMSE and MAE relative to the other
models. The difference between RMSE and MAE was also the lowest, suggesting that
including all variables reduced the magnitude of outliers compared to the other mod-
els. Removing temperature increased the RMSE by 17% and MAE by 29% from the
AllVars model. Considering individual land-cover types, evergreen-needleleaf-forest
evapotranspiration revealed a positive relationship with temperature, explaining 83%
of the variance. Despite that the percent area coverage of evergreen needleleaf forests
has increased from 39 to 54% from 2001-2012, reanalysis developing an independent
regression between temperature and evergreen-needleleaf-forest evapotranspiration
was not performed because only 17 site-years of data were available. Future re-
search should consider developing individual land-cover type relationships between
flux-tower measurements and temperature once sufficient data become available.
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Comparing ET with P −Q
ET compared to P − Q had an RMSE of 104 mm, MAE of 84 mm, and mean
bias error of 52 mm across all 168 basin years of data. ET was about 17% greater
than P − Q for the six northern basins. The findings of Lundquist et al. (2015)
suggest that this may be due to undermeasurement of precipitation due to snow
undercatch. The Kings River basin had the densest network of flux towers within the
study area and appeared to represent the 5 mid-latitude basins (Stanislaus, Tuolumne,
Merced, San Joaquin, Kings) well, with all five having at least the sixth smallest
difference from P − Q for all models. The consistent agreement we found between
ET and P−Q supports our approach for modeling evapotranspiration and its value for
understanding the mechanisms governing the hydrologic cycle and ecosystem health.
How can uncertainty be reduced?
The leave-one-out evaluations showed that modeling evapotranspiration is more
sensitive to a lack of spatial versus temporal sampling. This corroborates Papale et al.
(2015), who used an artificial neural network to upscale eddy-covariance flux-tower
observations of latent heat and gross primary production, concluding that uncertainty
in temporal extrapolation is relatively small compared to spatial extrapolation. Pa-
pale et al. (2015) also found that sample size affected uncertainty by 25% in latent
heat and 50% in gross primary production, with uncertainty being greatest where
spatial variability was high. Flux towers in the Sierra Nevada are somewhat limited
in extent, especially when considering the ranges of precipitation and temperature
(Figure 3.7). The current network of flux towers mostly captures evapotranspiration
in hot and dry areas, mostly representing only one quadrant of the precipitation-
temperature space. Moreover, the evapotranspiration in colder areas (annual-mean
temperature ≤2.5 ◦C) is currently being estimated in part from observations at hot
and dry locations, which have a similar low NDVI. A few additional flux towers that
sampled the unrepresented extremes (below 2.5◦C; above 1500 mm precipitation)
could significantly improve the estimates of regional evapotranspiration.
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When considering all basins, the slope of the regression line between ET and
P − Q during wet and dry years were close to 1.0, but offset about 53 mm higher,
suggesting an underestimate of P , overestimate of Q, or both (Figure B.3). PRISM
precipitation poorly represents measured values in the high Sierra, in part due to
snow undercatch, which is exacerbated in large storms (Lundquist et al., 2015) and a
lack of representative data (Zhang et al., 2017). This may explain why ET generally
exceeds P −Q in the northern basins (Figure 3.5, B.4). Under catch of large storms
can lead to a 20% undermeasurement of annual precipitation (Lundquist et al., 2015);
a snow undercatch correction would be sufficient to bring all northern basins to the
1:1 line in Figure 3.5. Future research should consider strategies for more-accurate
precipitation data, including new measurements.
The slopes of P −Q vs modeled ET across years within individual basins ranged
from 0.21 to 0.72 (Figure B.4). These slopes reflect that P −Q underestimates plant-
accessible water for evapotranspiration during dry years when it is supplemented by
multi-year subsurface storage; and P−Q overestimates ET in wet years, when storage
is replenished. The broader range of P −Q values compared to ET , after accounting
for possible bias by adjusting the mean P − Q to match mean ET for each basin,
may be interpreted as change in storage (∆S), where negative represents drawdown
and positive represents recharge. However, doing this calculation on the annual data
did not always provide a consistent pattern for positive ∆S in wet years and negative
∆S in dry years. Although the dry year pattern was consistent with the pattern in
Bales et al. (2018) for the Kings River basin using just spatial P and ET patterns,
where dry years (2004, 2007, 2012-15) showed ∆S values of −22 to −52 mm, averaged
across the basin, and the current analysis showed ∆S values of −32 to −66 (2004,
2007, 2012). Although this pattern was not consistent across all basins which showed
∆S values from 24 to −121 mm. Three wet years (2005, 2006, 2011) failed to give
consistently positive ∆S values in the current analysis (averages of +65, −86, +17,
respectively). The mean ET and P − Q values for the Kings River basin suggest a
much smaller bias than in other basins, where uncertainties are apparently higher.
It should be noted that the P − Q vs. ET best-fit slopes are likely exaggerated
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due to the disproportionate number of dry years in the record. This is similar to
the findings of Zhang et al. (2008) who used the Budyko framework to partition
precipitation into evapotranspiration and runoff, and concluded that the omission of
interannual storage variability may be a primary source of deviation between parti-
tioned and observed runoff. The skewness to the left of the 1:1 line further supports
the underestimation of precipitation in the Sierra Nevada suggested by Lundquist
et al. (2015). Alternatively, ET may be somewhat inflated by high precipitation due
to limited wet years available for calibration or no physical measurements above a
mean precipitation of 1400 mm (Figure 3.7, Table 3.1). Future work should consider a
catchment-scale analysis with dense networks of flux towers and precipitation gauges,
and accurate runoff measurements to determine where biases exists.
Uncertainty in the unimpaired-flow calculations are challenging to quantify. Up-
dating instrumentation, data-processing and gap-filling techniques and efforts to ac-
count for all diversions could improve this calculation. Further research is needed to
quantify this uncertainty and to perform a cost-benefit analysis of the practical value
of better understanding the water balance of river basins.
Climate controls on evapotranspiration
The mean-annual precipitation for the time period of the best model (2001-2012)
is 964 mm, suggesting that evapotranspiration in this area is often water limited.
The relationships observed between evapotranspiration with precipitation and tem-
perature coincides with the findings of Rungee et al. (2018) that evapotranspiration
at two evergreen needleleaf forests in the Sierra Nevada showed no response to their
respective droughts having mean-annual precipitation exceeding 1000 mm, whereas
two mixed forests with mean-annual precipitation less than 990 mm and tempera-
tures greater than 12.2 ◦C exhibited significant withdrawals from subsurface water
storage and widespread forest die-off. The relationships between evapotranspiration
and precipitation for temperature values below 2.5 ◦C (Figure B.2a) and temperature
for precipitation exceeding 1500 mm (Figure B.2b) should be taken with caution pro-
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vided these values are extrapolated beyond the sampling extent. It is recommended
that flux towers be installed to more accurately represent these areas.
Where does basin runoff originate?
The values from Figure 3.8 showed peak basin runoff occurs 1680 249 m above
peak evapotranspiration in the northern (Shasta, Feather, Yuba, American and Co-
sumnes) compared to 2800 342 m in the southern basins (Tuolumne, Merced, San
Joaquin, Kings, Kaweah, Tule and Kern). The ratio of precipitation to evapotran-
spiration was generally about 10% higher in the southern (49% mean) basins relative
to the northern (39% mean) except for the Kaweah (35%) and Tule (7%), suggesting
runoff is generated more efficiently above the rain-snow transition. This points to
two types of basins in this region that produce runoff differently. The northern basins
produce runoff primarily below 2000 to 2500 m, where high levels of evapotranspira-
tion (500 to 1000 mm) are exceeded by higher levels of precipitation (around 1500
mm). The southern basins, on the other hand, produce runoff primarily from high
elevations (above 2000 m), where low levels of evapotranspiration (less than 500 mm)
are exceeded by moderate levels of precipitation (around 1000 mm).
These two modes of runoff generation suggest that a warming climate will affect
the water balance of southern vs. northern basins through different mechanisms.
Increasing temperature is expected to increase evapotranspiration in energy-limited
forests, even if vegetation density remains constant, leading to decreased runoff. The
northern basins are predominantly energy limited and have abundant water, making
them susceptible to this effect. The north includes five basins (Shasta, Feather, Yuba,
American and Cosumnes) that have historically been critical for Californias water
supply. The southern basins are mostly water limited at lower elevation and energy
limited at higher elevation. Warming in lower elevation, southern forest is unlikely
to decrease runoff, given that ET already approaches P in much of this area (Figure
3.8). Warming in this zone is more likely to increase stress and episodic dieback.
Most of the runoff in the south is generated by sparsely vegetated higher elevation
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zones that are currently energy limited. Warming that reduces this energy limitation
and allows upslope vegetation expansion has the potential to reduce runoff (Goulden
and Bales, 2014). The rate vegetation can redistribute up slope is poorly understood,
and is expected to lag, as even rapid vegetation expansion is measured on a decadal
timescale (Kelly and Goulden, 2008; Salzer et al., 2009).
The critical questions for the impact of warming on the water balance in this
region include: 1) To what extent has and will warming accelerate evapotranspiration
in lower elevation, northern forest? 2) To what extent has and will warming increase
episodic stress in lower elevation, southern forest? 3) How rapidly and to what extent
will warming drive vegetation expansion at higher, southern locations?
3.5 Conclusions
Our data-driven approach used readily available and accessible data to estimate
the local and regional evapotranspiration in complex topography. It showed no sig-
nificant sensitivity to resolution of gridded (PRISM) precipitation data, and a slight
sensitivity to the use of MODIS versus Landsat NDVI. MODIS NDVI with 800-m
PRISM data had the lowest RMSE and MAE for 22 of 24 evaluation tests and agreed
well with evapotranspiration estimated as the difference of precipitation and unim-
paired runoff considering each variable inclusion model, with an average 52 mm bias.
Precipitation remains a large uncertainty in closing the water balance across moun-
tain basins and limits our ability to quantitatively assess the impact of forest die-off,
disturbance and annual meteorology on runoff.
Peak evapotranspiration was greatest in northern basins, and lower in magnitude
but peaking at higher elevations further south, suggesting a warmer climate may
shift peak evapotranspiration to higher elevation. The current placement of eddy-
covariance flux towers showed that much of the precipitation-temperature space is
not sampled, leading to uncertainty in modeled evapotranspiration. Additionally,
strategically placed instrumentation could improve the understanding and represen-
tation of this system. Runoff in northern basins was generated primarily below the
69
rain-snow-transition, where precipitation grossly exceeded evapotranspiration, and at
higher elevations in the southern basins where evapotranspiration is energy limited.
The runoff volume in northern basins under a warmer climate appear particularly
vulnerable to increased evaporative demand, whereas the steep temperature gradient
with elevation in the southern basins may somewhat limit this effect.
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Table 3.1: Sites characteristics.
Site1 Site Abbr. Lat Lon Elev., m
Mean
precip,
mm
Mean
ET, mm
Mean
temp,
◦C
IGBP2, 3
Period of
record
Blodgett
Forest
US-Blo 38.90 -120.63 1315 1385 892 13.5 ENF 1998-2007
Shorthair US-CZ4 37.07 -118.99 2710 1017 389 4.8 ENF 2011, 2016
Providence US-CZ3 37.07 -119.20 2015 967 644 8.8 ENF 2009-2016
Soaproot
Saddle
US-CZ2 37.03 -119.26 1160 841 658 13.4 MF 2011-2016
James Reserve US-SCf 33.81 -116.77 1770 652 626 12.0 MF 2007-2014
Tonzi Ranch US-Ton 38.43 -121.00 169 554 539 16.6 WSA 2002-2015
San Joaquin
Experimental
Range
US-CZ1 37.11 -119.73 405 510 378 16.4 WSA 2011-2016
Vaira Ranch US-Var 38.41 -120.95 129 591 340 16.6 GRA 2002-2015
Grassland US-SCg 33.74 -117.70 470 363 305 18.5 GRA 2007-2016
Coastal Sage US-SCs 33.73 -117.70 475 356 340 18.5 OSH 2007-2016
Pinyon US-SCw 33.61 -116.46 1280 261 190 15.2 OSH 2007-2016
Pinyon Burn US-SCc 33.61 -116.45 1300 258 152 15.1 OSH 2007-2016
Low Desert US-SCd 33.65 -116.37 275 142 131 22.0 OSH 2007-2012
1 Related publications: US-Blo, (Goldstein et al., 2000); US-Ton and US-Var, (Ma et al., 2007).
2 IGBP refers to the International Geosphere-Biosphere Programme land-cover classification
system.
3 The IGBP land-cover types are evergreen needleleaf forests (ENF), mixed forests (MF), woody
savannas (WSA). grasslands (GRA), and shrublands (OSH).
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Figure 3.1: Study area showing locations of flux towers and land-cover classification,
unimpaired streamflow gauges, and delineated river basins. The background shows the
IGBP land-cover.
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Figure 3.2: Plots of individual regressions of evapotranspiration (ET) with considered
climatic variables, Normalized Difference Vegetation Index (NDVI), annual precipitation
(P), the mean of the current and previous years annual precipitation (PP), and temperature
(T). Marker size increases with deviation from the mean, were larger markers represent
wetter (circle) or drier (triangle) years.
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Figure 3.3: Modeled evapotranspiration versus measured evapotranspiration considering
different data sources and variable combinations. Data sources include Landsat (LS) and
MODIS (MOD) for NDVI, and PRISM 800 m (800m) and 4 km (4km) climate data prod-
ucts. Variables considered were all (NDVI, PP, T, vegetation bias correction), NoT (NDVI,
PP, vegetation bias correction), NoV (NDVI, PP, T), NoVT (NDVI and PP), and only
NDVI.
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Figure 3.4: Modeled evapotranspiration validation by data source and input variables.
Leave-one-WY-out was performed by leaving out all measured evapotranspiration values
for a given water year for calibration and validated using the removed years and Leave-
one-site-out was performed by using all but one site for calibration and validated using the
removed site.
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Figure 3.5: Evapotranspiration estimated as PRISM precipitation minus full natural flow
(P-Q) versus modeled evapotranspiration (ET) from the MOD800m data. Legend displays
basins from north to south, averaged over 2001-2012. Annual values of P and ET for each
basin can be seen in Figure B.1.
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Figure 3.6: Variability of 800m PRISM temperature and precipitation, MODIS NDVI,
modeled evapotranspiration (MOD800m All), and runoff calculated as the difference of
precipitation and evapotranspiration (P − ET ) by latitude and elevation. Different color
contour lines are to improve visibility only.
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Figure 3.7: Flux tower representativeness of precipitation, temperature, and modeled
evapotranspiration. Stars are flux towers within the boundary of the study area, and
the circles are the remaining flux towers in California. See Figure B.2 for general trends
with modeled ET and precipitation binned by temperature and temperature binned by
precipitation.
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Figure 3.8: a) mean-annual precipitation (P), modeled evapotranspiration (ET,
MOD800m All) and evapotranspiration from storage (ETs) by basin and per 100 m in
elevation measured in km; b) is a normalized histogram of area by elevation; c) is a nor-
malized histogram of volumetric runoff by elevation. SL indicates the historical rain-snow
transition.
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Chapter 4
Response of subsurface water
storage in Californiafls headwaters
to a changing climate
Abstract
The residual of basin-scale annual precipitation and unimpaired runoff was parti-
tioned into evapotranspiration and changes in storage (∆S) across the 14 head water
river basins draining into California's Central Valley using a spatially distributed
evapotranspiration product. Temporal trends in the residual of precipitation and
unimpaired runoff showed that the water available for evapotranspiration and storage
has been declining for the entire period of record for the southern 7 basins, and that
the slope of the trend has changed from positive to negative in the past 34-years for 5
of the 7 northern basins. Binning the residual of precipitation and evapotranspiration
by basin and elevation showed that the low to mid-elevations are the most vulner-
able to significant withdrawals from storage during dry years. Correlating ∆S with
water-balance components and climatic variables showed that the 14 basins could be
binned into 4 groups, southern, mid-range, northern, and northernmost. Comparing
the intra-bin correlations with the temporal trends in each variable suggests that the
southern and some mid-range basins have likely surpassed a lower threshold, whereas
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energy limitation and annual precipitation grossly exceeding evapotranspiration has
prevented extreme storage deficits in the northern and northernmost basins. Nev-
ertheless, the current observed mortality in the southern basins may provide insight
into future conditions in the northern basins if measures are not taken to decrease
evaporative demand.
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4.1 Introduction
Subsurface water storage plays an important role in semi-arid and arid Mediter-
ranean climates, sustaining evapotranspiration and providing stream baseflows during
the hot-dry summer when evaporative demand peaks and precipitation is low (Arkley,
1981; SNC, 2017). The majority of previous studies have focused on water stored in
the shallow soil layer, even though studies roots extend well into the weathered-
bedrock, and deep zones provide a substantial amount of water storage (Graham
et al., 2010; Holbrook et al., 2014; Lewis and Burgy, 1964).
The annual change in storage (∆S) is the residual of the water balance, expressed
as:
∆S = P − ET −Q (4.1)
where P is annual precipitation, ET is annual evapotranspiration, and Q is annual
runoff. It is generally assumed that ∆S is less than zero during dry years, signifying
a net withdrawal, and equal or greater than zero during wet years, signifying a net
replenishment (Rungee et al., 2018; Swenson and Milly, 2006). Regional and global-
scale water balances have shown that subsurface water storage has been declining
as the result of increased demand (Famiglietti, 2014; Gleeson et al., 2012; Thomas
et al., 2014). This removes a long-term assumption of data stationarity, reducing
the representativeness and accuracy of physically based models and management
strategies dependent on the historical record (Milly et al., 2008). This underscores
the importance of understanding the individual components of the water balance,
and of providing water resources and forest managers products that more accurately
close the water balance.
In mountainous regions closing the water balance has been difficult for mainly
three reasons. First, the individual components of the water balance have high spa-
tial variability, so that local measurements poorly represent larger areas. This is
especially true in mountain basins, which have steep temperature and precipitation
gradients and often sparse observations (Bales et al., 2006). Second, our ability to
accurately redistribute local measurements across the landscape is limited (Goulden
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et al., 2012; Kirchner et al., 2014; Lundquist et al., 2015). Third, measurements of
runoff for all catchments in a basin are limited, often restricting the calculation of the
water balance to the basin scale; and even those basins-scale measurements are based
on reconstructed flow, accounting for upstream diversions and man-made reservoirs
(Qualley et al., 2000).
Until recent decades, estimates of evapotranspiration have relied on empirical or
physically based formulae based temperature and meteorology. A primary limita-
tion of these approaches is that they estimate potential evapotranspiration based
on available energy and then infer actual evapotranspiration as a function of other
climatic variables (soil moisture, vapor pressure deficit, wind speed, etc.) (Fisher
et al., 2005). This can lead to under- and over-estimates of actual evapotranspiration
based on a variety of uncertainties (Fisher et al., 2005; Shi et al., 2008). Over the
past 20 years, eddy-covariance towers have been installed providing physical measure-
ments of carbon, water, and energy fluxes at a spatial resolution of 0.1 to 1.0 km2.
These measurements are widely considered the most accurate method for measuring
evapotranspiration in semi-arid and arid Mediterranean climates (Rana and Katerji,
2000).
Remotely sensed vegetation indices have recently become a widely used strategy
for estimating and distributing measurements of evapotranspiration. Algorithms that
combine vegetation indices with spatially distributed meteorological data agree well
with eddy-covariance measured evapotranspiration (r2 = 0.93) (Rungee et al., in
review), thus providing all of the water-balance components needed to estimate ∆S.
This study estimates annual basin-scale ∆S of the rivers draining into California's.
My goal was to quantify: 1) how ∆S responds to climate extremes in California,
2) where the withdrawals occur in each basin and which areas are most vulnerable
to future stress, and 3) how correlations between ∆S, climatic variables and water-
balance components vary by basin.
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4.2 Methods
I estimated annual changes in storage (∆S) as P − Q − ET using spatially dis-
tributed precipitation (P ), unimpaired runoff (Q), and evapotranspiration (ET ) for
the 34-year period 1985 to 2018. At the basin scale, spatial and temporal patterns in
∆S were interpreted using climate and water-balance to identify correlations and vari-
ability. A time-series trend analysis was used to establish patterns and trends for the
climate and water-balance attributes and infer how these variables and components
may shift in the future.
Study area
The study is bounded by latitudes 35.36 to 40.51 ◦N and longitudes 121.64 to
117.98 ◦W (Figure 4.1). The climate in this region is Mediterranean, receiving the
majority of precipitation during a cool-wet period (October-March) (Fellows and
Goulden, 2017; SNC, 2017). Basin mean-annual precipitation ranges from 561 to
1631 mm and temperature from 6.7 to 13.4 ◦C. The 14 basins studied account for
about 60% of California's developed water supply (SNC, 2017).
These basins have a substantial amount of below-ground plant-accessible water
storage, sustaining vegetation through multi-year dry-periods (Rungee et al., 2018)
while maintaining a forest biomass similar to that of tropical rain forest (Kelly and
Goulden, 2016). This is due largely to the porous, deep layer of weathered and frac-
tured regolith providing large water-holding capacity (Arkley, 1981; Graham et al.,
2010; Lewis and Burgy, 1964). Observations of plant accessibility to subsurface stor-
age have revealed rooting depths of 24 m (Lewis and Burgy, 1964) and multi-year
dry-period withdrawals exceeding 550 mm of water-depth equivalent (Rungee et al.,
2018).
90
Data
Normalized difference vegetation index (NDVI) was calculated from Landsat 5,
7, and 8 surface reflectance 30-m product, downloaded from Google Earth Engine.
Landsat 7 and 8 were homogenized into Landsat 5 providing continuous data for 1985
to 2018 (Su et al., 2017; Sulla-Menashe et al., 2016). Annual values were taken as
the average pixel value over water years (October-September), where water, cloud
shadow, snow, and clouds were masked using the pixel qa band.
Precipitation data were from the 4-km Parameter-elevation on Independent Slopes
Model (PRISM), providing annual data for 1981 to 2018. The data were downscaled
to 30-m resolution using nearest neighbor and used to estimate evapotranspiration
across the landscape. The 4-km product was used in place of the 800-m product,
because at the time of this study the 800-m product was only available through water
year 2016.
Unimpaired runoff data for the 14 basins were provided by the California Depart-
ment of Water Resources personnel (acquired 10/22/2018). This dataset provides
estimates of the unimpaired runoff after removing human impacts such as damming
or diversion. These data were used for the basin-scale mass-balance calculations.
The compiled dataset covered 1901-2015, and was supplemented with more recent
data from the California Department of Water Resources' California Data Exchange
Center (accessed 10/23/2018).
The 30-m Landsat NDVI and rescaled 4-km PRISM precipitation and temperature
were used to scale measured evapotranspiration across the landscape following Rungee
et al. (in review). This method first determines the best-fit regression (linear or
single-term power function) between physical measurements of evapotranspiration
and input variables, then combines the best-fit regressions using stepwise regression.
Temperature effects were removed by the stepwise regression, making the model a
function of NDVI and precipitation. Physical measurements of evapotranspiration
were obtained from eddy-covariance flux towers. and processed following Rungee
et al. (in review).
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Snow-water equivalent (SWE) was retrieved from a snow reanalysis dataset de-
veloped from Landsat 5 to 8 (Margulis et al., 2016). This dataset was used to assess
relationships between the timing and magnitude of snow accumulation and melt with
∆S. It was also used in the time-series analyses.
Tree mortality data were retrieved from the United States Department of Agricul-
tures Forest Services Aerial Detection Survey maps (accessed 12/13/2018). Annual
maps were created for 1973 to 1978 and 1993 to 2018, and generated using aerial
photography to identify dead trees (yellow to reddish brown). Areas with a mortality
density of less than 1 tree per acre are considered normal and not included in the
maps. The maps provide probable causes of death, but this study assumes all forms
of death during and immediately following the 2012 to 2015 drought as drought in-
duced. These maps were compared to the withdrawal of storage with percent basin
area observing mortality during the 2012 to 2015 drought (includes 2016).
International Geosphere Biosphere Programme vegetation classification data was
retrieved from Moderate Resolution Imaging Spectrometer (MODIS) Land Cover
Type (MCD12Q1) Version 6 using Google Earth Engine. This product was used in
conjunction with the tree mortality to quantify the percent of mortality in forested
areas by basin to the 2012 to 2015 drought. Data for year 2011 were used to repre-
sent the predrought conditions. Forested pixels were selected as those representing
evergreen needleleaf, evergreen broadleaf, deciduous needleleaf, deciduous broadleaf
and mixed forests.
Analysis
The first step was to calculate the period of record for water available for evapo-
transpiration and ∆S was calculated as the residual of basin-mean precipitation and
basin-scale estimates of unimpaired runoff. Next, ∆S was estimated using eq. 4.1 for
the 1985 to 2018 period when spatial estimates of evapotranspiration are available.
The correlation between the 1985 to 2018 estimates of ∆S and individual climatic
variables and water balance components was then determined using Kendall's tau-b
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(τ). τ is a nonparametric rank-correlation test, and for an independent list x and
dependent list y is calculated as:
τ =
Nc −Nd√
(Nt + T )× (Nt + U)
(4.2)
where Nc is the number of concordant pairs, Nd is the number of discordant pairs,
Nt is the total number of pairs, and T and U are the number of ties in only x and
y, respectively, where jointly tied pairs between x and y are not counted (Knight,
1966). τ was used because its rank-correlation characteristic removes the assumption
of linearity between variables and because it is less sensitive to outliers.
Finally, time-series analyses were performed over all variables using τ , the Mann-
Kendall test, and Theil-Sen's slope. τ was calculated in the same manner as equation
4.2, except using time as the dependent variable. The Mann-Kendall test was used to
determine the significance of the individual trends, and thus τ . The Mann-Kendall
test is a widely used tool for assessing temporal trends in water-cycle components
primarily merited to its nonparametric characteristic, which makes it ideal for climatic
data, which tend to be skewed (Jones et al., 2015; Yue et al., 2002). The test developed
by Mann (1945) and Kendall (1955) sets a null hypothesis that no trend exists. The
Mann-Kendall statistic M is calculated as:
M =
n−1∑
k=1
n∑
j=k+1
sgn(xj − xk) (4.3)
where sgn(xj − xk) is the sign of xj − xk given as 1, 0 or −1, and n is the number of
points. The test statistic, Z, is then calculated as:
Z =

S − 1√
V AR(S)
, if S > 0
0, if S = 0
S + 1√
V AR(S)
, if S < 0
(4.4)
where V AR(S) is the variance of S. If the absolute value of Z is greater than Z
1−
α
2
then the null hypothesis is rejected and the trend is significant (Warren and Gilbert,
1988). Finally, the magnitude of the trend was determined as the Theil-Sen's slope,
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calculated as the median gradient for all pairs of points in the dataset (Sen, 1968;
Theil, 1950).
Sources of uncertainty
The primary sources of uncertainty in this study are the errors existing in the
data used to estimate ∆S. The PRISM dataset is typically erroneous in mountainous
regions, where high-elevation measurements of precipitation are limited, leading to
data extrapolation in place of interpolation (Daly et al., 1994). Daly et al. (2008)
quantified mean monthly absolute errors, showing they range from 4.7 to 12.6
mm resulting in a potential annual error of 98.2 mm in the western United States.
Depending on how the errors are propagated across the basins, its potential is greatest
in the southern basins where precipitation is lowest. This error may be as high 20%
due to undermeasure of annual precipitation with snow undercatch in the Sierra
Nevada (Lundquist et al., 2015). This error may also be more significant for the
southern basinsm, where the majority of precipitation falls as snow. Therefore, it
is likely the mean-absolute errors reported by Daly et al. (2008) are lower than the
errors for the area considered.
The second major source of error is from the evapotranspiration product. Rungee
et al. (in review) discussed the uncertainties of this product in detail, stating that a
notable source of uncertainty reflects the current network of flux towers, which poorly
capture the precipitation-temperature space of the study area. Other sources of un-
certainty reflect the development of the product, which uses PRISM precipitation,
maximizing error if the correlation between evapotranspiration and PRISM precip-
itation is unrepresentative of the correlation between evapotranspiration and true
precipitation. An additional source of uncertainty in the evapotranspiration product
is the processing and gap filling of the flux-tower data. This is mostly due to uncer-
tainties in the gap filling process, which are most acute when dealing with large gaps,
and also treatment of energy balance closure (Biederman et al., 2018; Rungee et al.,
in review).
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A third major source of uncertainty is derived from the calculated basin-scale
values of unimpaired runoff. These values are created by adding reservoir change
in storage, evaporation from the reservoir surface, upstream diversions, and sub-
tracting returned diversions from measured reservoir outflow (Qualley et al., 2000).
Errors in these calculations can be derived from unmeasured diversions, reservoir
stage-storage estimates, estimates of reservoir evaporation, and reporting errors from
human-recorded data. This will lead to an overestimation if losses are underestimated
and an underestimation if losses are overestimated.
4.3 Results
Long and near-term trends in P −Q
P −Q was calculated as far back as 1900 for some basins and all basins displayed
high interannual variability, with a mean CV greater than 20% (Figure 4.2). A 15-year
moving average shows long-term trends (period of record) for the seven northernmost
basins to be positive, with slopes ranging from 0.23 to 1.35 mm yr−1. In contrast, the
seven southernmost basins showed negative slopes, ranging from -0.05 to -1.74 mm
yr−1. Theil-Sens slopes for the most-recent 34 years, encompassing the time period
of available evapotranspiration data, showed that all slopes were negative except for
the American and Cosumnes. All slopes decreased (by 86 to 561%) except for the
Cosumnes, which increased by 79%.
Trends in evapotranspiration and runoff by elevation and
basin
Figure 4.3 shows average evapotranspiration by basin for 1985 to 2018 by 100-m
elevation bins (annual values shown in the appendix C.4). Precipitation generally
increases with elevation but decreases in magnitude from north to south (Figure
4.3). For example, the 3000-m elevation mean-annual precipitation is 1728 mm in
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the Shasta and 587 mm in the Kern. Evapotranspiration typically increased with
elevation to a peak, but then decreased. The elevation of peak evapotranspiration
typically increased from north to south while decreasing in magnitude. For exam-
ple, evapotranspiration peaked at an elevation of 800 m and an annual value of 664
mm for the Shasta, and peaked at an elevation of 2500 m with an annual value of
372 mm for the Kern. Runoff, estimated as P − ET , exceeds evapotranspiration
at mid elevations in the Shasta and Feather basins, and the elevational trends mir-
rored each other at the low to mid elevations, where increases in evapotranspiration
coincided with increases in runoff and vice versa. In the American River basin evap-
otranspiration exceeds runoff up to an elevation of 1200 m. The highest elevation at
which evapotranspiration continued to exceed runoff generally increased from north
to south, with evapotranspiration exceeding runoff for all elevations up to 2900 m in
the Kern.
Interannual variability in change in storage
ET calculated on a pixel-by-pixel basis for each year was combined with the P−Q
values in Figure 4.2 to estimate ∆S for the 1985 to 2018 period. Figure 4.4 provides
a time series of ∆S for each basin to compare how ∆S varies in time, between basins,
and to climate extremes. Shasta had the least interannual variability among the
basins (71 mm) while the rest varied in the 78-113 mm range, with no distinct trend
from north to south. The standard deviation of mean-annual values between basins
was low (67 mm), although large negative ∆S values were not always consistent
between basins (c.f. water years 1989, 1993, 1997, 2006, 2007). Interestingly, ∆S
did not always express net increases during wet years and decreases during dry years.
Other than the first year of the 1987-1992 drought, all basins but Shasta showed net
increases in ∆S ranging from 24 to 675 mm; and during the 2012 to 2015 drought all
basins except the Yuba, American and Cosumnes showed decreases in ∆S of −16 to
−420 mm.
Plotting ET vs. P −Q showed that not all basins had points evenly distributed
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about the 1:1 line, meaning the water balance in these basins is either not in equilib-
rium or ∆S is underestimated if the mean basin ∆S (e) is positive and overestimated
if negative. Values of e were especially negative for the Cosumnes (−144 mm), Stanis-
laus (−71 mm), Merced (−63 mm), Tule (−62 mm) and Kern (−102 mm) basins,
meaning that on average, P −Q < ET ; and values were very positive for the Shasta
basin (62 mm). Adding e to ∆S forced closure of the 1985-2018 water balance. The
cumulative ∆S during the 1987 to 1992 drought averaged 145 mm across all basins
and averaged −299 mm for the 2012 to 2015 drought.
Interannual variability in change in storage
The correlation strength of 16 water-cycle-related attributes (Table Appendix C.1)
to ∆S were determined using Kendalls tau, and the best fitting of these (Table 4.1)
are presented in Figure 4.5. The correlations showed no consistent trend from north
to south, but can be binned into four groups: the southern basins (Merced, San
Joaquin, Kings, Kaweah, Tule, and Kern), mid-range basins (Cosumnes, Mokelumne,
Stanislaus, and Tuolumne), northern basins (Yuba and American), and northernmost
basins (Shasta and Feather). Covariance matrices for the best-fitting features with
best-fit lines are provided in the supplementary section for each basin (Appendix
figures C.1).
The southern basins mostly showed strong positive correlations with precipitation,
runoff, SWE and 90%M, and a significant negative relationship with temperature.
The two southernmost basins also showed a weak but significant positive relationship
with evapotranspiration. The mid-range basins were the least consistent, with no
single feature significant among all basins. For the Cosumnes and Stanislaus ∆S
showed significant positive correlation with P, Q, SWE and 90%M and a negative
significant relationship with T. The Mokelumne and Tuolumne basins behaved like
the northern basins, only showing a significant negative correlation with ET.
The northern basins had a significant inverse correlation between ∆S and evap-
otranspiration, on average explaining 54% of the variance. All other variables had a
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tau approaching zero.
The northernmost basins show significant (p-value < 0.1) and positive correlation
between ∆S and precipitation, runoff, annual snow-water equivalent (SWE) and tim-
ing of 90 % melt from peak SWE (90%M), with precipitation having the highest r2
(mean of 0.32). The northernmost basins showed no significant relationship between
∆S and temperature or evapotranspiration.
Time series analysis of change in storage and
water-cycle-related features
Precipitation and runoff had no significant trends, and temperature showed the
only consistent trend across all basins (Figure 4.5). The trends in temperature were
significant for all basins except the Cosumnes, and positive for all basins, with slopes
increasing from north to south. The period of record (LT) trends in P − Q have a
positive slope in the northern basins, versus a negative slope in the southern basins.
The trends were significant for the Shasta, Yuba, American, Kings, Kaweah and Tule
basins (Mann-Kendall p-value < 0.1), and the Feather and Kern trends were nearing
significance (p-value < 0.14). The 34-year trends (NT) in P −Q were negative except
the American and Cosumnes, but only statistically significant for the Kaweah. The
34-year trends in ET were positive for all basins except the Kern, with significant
trends ranging from 1.2 to 3.0 mm yr−1, suggesting a 37 to 91 mm increase in evapo-
transpiration since 1985. Consequently, all 34-year trends in ∆S were negative with 5
of the 14 basins trends being significant, resulting in a 73 to 182 mm decrease in ∆S
over this period. The slopes showed increases in annual-mean temperature of 1.0 to
2.3 ◦C over the 34-year period. The slopes of temporal trends in SWE were negative
for all basins except the Stanislaus, but the Kern was the only basin to exbibit a
statistically significant trend. Trends in the 90%M were negative for all basins except
the Shasta and Stanislaus, but none were statistically significant.
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4.4 Discussion
How does ∆S respond to extremes and how will it change in
the future?
Comparing the 1987 to 1992 and 2012 to 2015 droughts show that ∆S can respond
counter-intuitively to extremes in precipitation (Figure 4.3). Normalizing the time-
series of ∆S and the water-balance-related features distinctly identified that although
precipitation was similar, evapotranspiration and temperature were significantly lower
in the 1987 vs. 2012 drought, and that SWE during the 1987 drought was higher and
sustained longer into the summer (Appendix C.3). If a warmer climate reduces SWE
and shifts its melt out earlier into the year or annual evapotranspiration increases,
as seen in the 2012 drought, ∆S will likely become more responsive to anomalies in
precipitation, with withdrawals similar to those observed during the 2012 drought
becoming more frequent.
The 34-year Theil-Sens slopes show decreasing trends in ∆S for all 14 basins
(Figure 4.5). Moreover, all slopes in P − Q either shifted from positive to negative
or became more negative for all basins except the American and Cosumnes. This
means that a larger percentage of annual precipitation is being allocated to runoff,
and therefore less water is available for ∆S and evapotranspiration. Moreover, evap-
otranspiration has an increasing trend for all basins over the past 34-years, except the
Kern. This suggests that the water balance has not been balanced in the southern
seven basins for a long time and has recently become imbalanced in the northern
seven basins. Further, the difference in long-term mean slopes for the southern seven
basins and the near-term mean slopes of the northern seven basins is about 0.12 mm,
suggesting that P − Q in the northern basins is on a similar trend trajectory as the
southern basins have been over the past century. Therefore, responses to climate ex-
tremes in the southern seven basins may be an indication for how the northern seven
basins will behave in the coming century, if their current P −Q trends are sustained.
Comparing Figures 4.4 and 4.5 suggest that ∆S will likely continue to become
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a larger negative number for all basins, provided nearly all correlations between ∆S
and the water-balance-related features that would resulting in positive ∆S values
have inverse temporal trend trajectories. However, this may not be the case for
the southern seven basins where unprecedented levels of water stress (Bales et al.,
2018) and widespread dieback (Tree Mortality Task Force, 2018) suggest that ∆S
has reached a critical threshold. This is further supported by the temporal trends
in evapotranspiration being insignificant in the southern basins despite the strong-
increasing trends in temperature. This dieback has lowered evapotranspiration (Bales
et al., 2018) in the Kings river basin, providing an opportunity for ∆S to somewhat
recover, ideally returning the water balance to a homeostasis.
Where do negative values of ∆S occur?
2014 was the most severe year with regards to negative pixel values of ∆S for the
1985-2018 period and shows where ∆S is most vulnerable to a deficit in precipitation,
especially when temperature is high (Appendix C.4.30). Although the northern basins
had little to no elevation bands where withdrawals from storage were observed, the
southern basins all showed withdrawals from at or near their lowest elevations up to
elevations of 2800 m. Comparing the 2014 maps with the mean time-series maps shows
that withdrawals from storage mirror evapotranspiration, where peak withdrawals
from storage generally coincide with peak evapotranspiration. The same comparison
for the northern basins show a more gradual decline in P −ET from higher to lower
elevations. Here, the ratio of drought P − ET to mean P − ET may provide some
insight for where evapotranspiration may be over drafting, leading to withdrawals
from storage in the future. Considering locations where storage was not withdrawn,
values of this ratio ranged from near zero to 0.63. Here we are viewing ratio values
below 0.2 as at risk of observing withdrawals. All northern basins except the Yuba
and American basins showed ratios below 0.2 from their minimum elevations up
to elevations of 1900 m, suggesting these ranges are likely the most vulnerable to
experiencing significant withdrawals from storage in the future.
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How do the correlations between ∆S and
water-balance-related features vary from south to north?
The correlations between ∆S and the water-balance-related features vary by a
combination of available energy, available water, precipitation type and physical char-
acteristics, and the strength of correlations differ between the southern and northern
basins, affecting how these basins respond to climate extremes. The southern basins
had strong positive correlations with precipitation, runoff, SWE and 90%M, and a
negative correlation with temperature. Considering these basins are largely water
limited but snow dominated, the lack of a significant relationship with evapotranspi-
ration in the southern basins (Merced, San Joaquin, Kings, Kaweah) suggests ∆S is
likely the result of prolonged snow cover, which has been shown to reduce the depen-
dency of evapotranspiration on seasonal subsurface-water storage drawdown (Rungee
et al., in review). The Tule and Kern basins both showed a counter-intuitive pos-
itive relationship with evapotranspiration and had the two highest tau values with
precipitation, suggesting they are extremely water limited. Further, the relationship
between precipitation and evapotranspiration were two of the greatest and had re-
gression slopes 30% greater than rest of the basins, on average, suggesting that the
significant relationship with evapotranspiration is largely driven by the relationship
between precipitation and evapotranspiration. This is in accordance with Wang and
Alimohammadi (2012) who found that ∆S and evapotranspiration are especially sen-
sitive to precipitation in water-limited systems.
The mid-range (Cosumnes, Mokelumne, Stanislaus and Tuolumne) basins had no
consistent relationship between the features considered. The variability in relation-
ships is likely driven by a combination of being within the latitudinal transition from
energy to water-limited (Hawkins et al., 2003) and the transition from rain to snow-
dominated runoff (Rungee et al., in review), and further complicated by topography
which has been shown to alter the water balance between energy and water-limited in
snow-dominated regions (Tague and Peng, 2013). The Cosumnes has the lowest eleva-
tion range of all basins and the second highest mean-annual temperature. A warmer
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mean temperature is likely associated with an extended growing season and basins
with a relatively high
ET
P
ratio, despite its higher mean-annual precipitation magni-
tude relative to the southern basins. ∆S in the Mokelumne only had a correlation
with evapotranspiration. Rungee et al. (in review) showed that more than 50% of the
Mokelumnes area is above the rain-snow transition. Considering this along with its
high mean-annual precipitation and SWE magnitudes suggests that the Mokelumne
is currently energy limited, but can support increases in evapotranspiration expressed
by its lower
ET
P
ratio. The Stanislaus showed relationships similar to the southern
basins; but based on its relatively high precipitation and SWE it would be assumed
to have a lower
ET
P
ratio, more like the northern basins. The Tuolumne was the
only basin where ∆S had significant correlations with all evapotranspiration, SWE
and 90%M. It is suspected that the combination of latitude and physical character-
istics of the Stanislaus and Tuolumne make them closest to the energy-water-limited
transition.
Evapotranspiration was the only consistent significant correlation with ∆S among
the northern (Yuba and American) basins. The lack of relationship with precipitation
is likely driven by these basins being energy limited, where the majority of precipi-
tation variability is observed in runoff variability (Wang and Alimohammadi, 2012).
This agrees with Rungee et al. (in review) who showed that the northern basins are
generally energy limited, and that evapotranspiration could readily increase with an
increase in available energy, in-turn increasing the dependency on subsurface water
storage. This would likely result in large reductions in runoff despite increases in
precipitation. Being a single-mode relationship suggests that storage in these basins
are the most vulnerable since precipitation, SWE and 90%M have no effect, and the
findings of Goulden and Bales (2014) suggest that a warmer climate may lead to
vegetation expansion, increasing evaporative demand.
Relationships between ∆S and the independent features in the northernmost
(Shasta and Feather) basins were similar to those in the southern basins. Precip-
itation, runoff, SWE, and 90%M were all positively correlated. Alternatively, the
northmost basins were the only group that showed no relationship with either tem-
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perature or evapotranspiration. The similarities with the southern basins may be
explained in part by the northernmost basins having similar elevation ranges,
ET
P
ratios, and mean-annual values of precipitation and evapotranspiration. However,
SWE in the northern basins is a lower fraction of P , whereas SWE has been shown
to supplement evapotranspiration during the summer in the southern basins (Rungee
et al., 2018). Therefore, the similarities in correlations between the northernmost and
southern basins may be somewhat coincidental and attributed to the differences in
underlying geology. The northernmost basins geology consists largely of quaternary
volcanic rock which is characterized by fast infiltration, high storage and retention,
and slow draining, whereas the southern basins consists of a granitic bedrock with is
less porous and fast draining (Dahlgren et al., 2004; Manga, 1999; Tague and Grant,
2009). Further, a
Q
P
ratio near 0.5, with low temporal variance, suggests that ∆S
in the northern most basins largely responds to precipitation magnitude (Appendix
C.2.1-2, C.3.1-2), most obvious in 1987 (driest year in 34-year record) on Figure 4.3,
which counters the precipitation-runoff relationship observed in the northern basins.
This suggests the extra storage capacity at the northernmost basins may provide a
similar benefit to summer evapotranspiration as SWE in the southern basins. This
may also explain why the percent area of tree mortality was significantly less in the
northernmost basins as compared to the southern (Table 4.2).
4.5 Conclusions
Time-series analysis of the significant water-balance-related features revealed that
current trends mostly correspond with negative values of ∆S. However, a lack of
correlation between ∆S and evapotranspiration in the southern seven basins despite
significant positive slopes in temperature may suggest that storage has reached a
critical low point. This may provide insight for why the observed widespread forest
mortality to the recent drought was greatest in the southern seven basins. Further,
the observed response in the southern seven basins may be indicative of the future
response to the northern seven basins, provided the mean long-term slopes in P −Q
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of the southern seven basins are within 0.11 mm of the mean near-term slopes in the
northern basins.
2014 showed the greatest withdrawals with all southern seven basins observing
significant withdrawals from storage ranging from their lowest elevations up to 2800
m. Alternatively the northern seven basins had very few, if any, elevation bins showing
withdrawals from storage. Comparing the ratio of 2014 to the mean P −ET for non-
negative values showed that the low to mid elevations in the northern seven basins
appear the most vulnerable to observing withdrawals in the future, although the
American and Yuba basins had relatively high ratios for all elevation bins.
A 1985-2018 time-series analysis shows that ∆S and evapotranspiration is declin-
ing across the 14 major headwater basins draining into Californias Central Valley.
For the southern seven basins this has been occurring for the entire period of record
but is recent (past 34 years) for the northern seven basins. Correlating a suite of
water-balance-related features to ∆S allowed us to bin the basins into four categories,
southern, midrange, northern and northernmost, showing that the factors influencing
∆S vary within this region.
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Table 4.1: Basin characteristics and 34-year mean-annual values.
Basin
Area,
km2
Elev
range, m
Mean
elev, m
P*,
mm
ET*,
mm
Q*,
mm
T*, ◦C
SWE*,
mm
90%M*,
WYD
Shasta 23,356 93-4303 1210 840 473 430 10.9 112 259
Feather 9,525 44-2834 1539 1098 562 544 9.8 285 247
Yuba 3483 74-2747 1444 1635 703 933 10.9 442 252
American 4823 37-3147 1348 1285 616 649 11.8 352 254
Cosumnes 1337 52-2375 945 1036 574 317 13.9 123 239
Mokelumne 1497 183-3140 1713 1222 582 629 10.2 502 258
Stanislaus 2582 85-3525 1616 1124 521 531 10.2 453 259
Tuolumne 4097 60-3964 1795 1048 469 570 9.3 468 265
Merced 2749 95-3944 1647 964 480 420 10.3 395 267
San Joaquin 4292 92-4228 2111 929 437 477 8.0 557 271
Kings 4790 171-4300 2332 914 416 490 7.1 575 267
Kaweah 2428 189-3818 1725 839 474 343 11.1 352 258
Tule 1044 165-3100 1219 669 455 151 13.9 131 236
Kern 6141 748-4412 2201 549 299 148 9.0 272 251
1 Note. Elev is elevation, P is precipitation, ET is evapotranspiration, Q is unimpaired runoff,
T is temperature, SWE is total-annual snow-water equivalent, 90%M is the water-year day
(WYD) when 90% of peak SWE has melted.
* water-cycle-related features used in analyses.
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Table 4.2: Tree mortality following the 2012-2016 drought.
Basin
Percent
mortality of
total area
Percent
mortality of
forested area
Percent
forested area
Shasta 16% 24% 27%
Feather 19% 28% 42%
Yuba 22% 31% 58%
American 23% 33% 46%
Cosumnes 32% 47% 53%
Mokelumne 41% 63% 41%
Stanislaus 39% 72% 25%
Tuolumne 25% 57% 20%
Merced 38% 80% 24%
San Joaquin 46% 91% 16%
Kings 37% 83% 12%
Kaweah 64% 86% 29%
Tule 67% 93% 36%
Kern 33% 91% 4%
1 Note. IGBP classifies a pixel as forested if covering more than 60% of the area. Therefore,
decencies between the total percent tree mortality with percent forested is due to tree in pixels
not classified as forested.
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Figure 4.1: Site map of California, USA, with the boundaries of the 14 basins used and
the locations of stream gauges where unimpaired runoff is calculated.
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Figure 4.2: Time-series plots of P − Q for the entire record and ET (1985-2018). Red
line is the 15-year moving average, solid black line is the long-term (LT, entire time-series)
Theil-Sens slope, and the dashed black line is the near-term (NT, 34-year) Theil-Sens slope
values in mm-yr−1.
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Figure 4.3: Basin-scale water balanceby elevation for each basin. Numbers correspond to
the basins from north to south as presented in Figure 4.1. These were calculated follow-
ing Bales et al. (2018), where height above the bar is runoff and height below the bar is
evapotranspiration.
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Figure 4.4: Time-series of annual change in storage (∆S, solid line), ∆S plus the offset, e
(dashed line), and the area-weighted sum of negative precipitation (P ) minus evapotranspi-
ration (ET ) pixels from the annual basin maps (circles). ∆S was calculated as P −Q−ET ,
and e was calculated as the offset of the ET vs. P −Q scatter plots from the 1:1 line (first
column).
110
Figure 4.5: Basin-scale trends between change in storage with precipitation (P ), temper-
ature (T ), evapotranspiration (ET ), unimpaired runoff (Q), snow-water equivalent (SWE),
and the timing of 90 percent melt from peak SWE (90%M). Filled-inner circles represent
p-values ≤ 0.1 and lines are p-values > 0.1. Colors represent a positive (blue) or negative
(red) trend. Marker size is the absolute value of Kendalls tau (τ), where the perimeter
circle represents a τ of 1.
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Figure 4.6: Time-series analysis of ∆S and water-cycle-related features. Columns LT
P −Q, NT P −Q, P , T , ET , Q, SWE, 90%M, and ∆S are time series trend analyses for
Long-term P − Q, Near-term (34-year) P − Q, precipitation, temperature, evapotranspi-
ration, runoff, snow-water equivalent and the timing of 90 percent melt from peak SWE,
respectively. Circles represent p-value leq 0.1 and lines are p-values > 0.1. r2 values were
calculated via linear regression and slopes, m, are Theil-Sens slopes with units of ◦C/yr for
T, otherwise mm yr−1.
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Chapter 5
Conclusion
This dissertation emphasized the importance and benefits of accurate measure-
ments of evapotranspiration for both local analyses and as a tool for distributing
evapotranspiration across the landscape. In Chapter 2 we provide the first eddy-
covariance region-scale assessment of how evapotranspiration varies by climate and
vegetation type in the semi-arid western United States. On average, over 50% of
annual evapotranspiration in the Mediterranean climate sites, which receive most
precipitation during the winter, is supported by subsurface water storage verses less
than 30% in sites experiencing a summer monsoon. The Mediterranean climate sites
are also more susceptible to multi-year dry periods but have access to a vast amount
of subsurface plant-accessible water storage, where one mixed-forest site withdrew
over 530 mm of storage over the course of a 4-year drought, and evergreen needleleaf
forest sites showing no response. Critical drawdown thresholds were also examined
for all sites observing multi-year dry periods that showed a significant decrease in
annual evapotranspiration. Critical drawdown thresholds range from 38 to 334 mm
with high variability both within and across vegetation types. Lastly, it was found
that a transition from snow to rain could increase dependency on storage by as much
as 20% at sites that are currently energy limited. These findings can be used to better
estimate the response of evapotranspiration during multi-year dry periods, improving
water resources management drought strategies.
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Chapter 3 used the California flux towers from Chapter 2 to expand upon cur-
rent methods for distributing evapotranspiration across the landscape, which gener-
ally only use a remotely sensed vegetation index, by incorporated climatic variables
and vegetation type. Root-mean-squared error was reduced by 31-50% and was rela-
tively insensitive to input variable resolution. The spatial evapotranspiration product
showed that evapotranspiration was greatest in the northern basin, and while decreas-
ing in magnitude with latitude peak evapotranspiration occurred at higher elevations.
Further, the product showed that runoff was mostly derived below the rain-snow tran-
sition as rain grossly exceeding evapotranspiration in the northern seven basins, and
above the rain-snow transition as snowmelt in areas where evapotranspiration is en-
ergy limited in the southern seven basins. It is likely that runoff in the northern
basins will be more vulnerable and respond more quickly to climate warming due to
evapotranspiration being energy limited, whereas the steep elevation gradient in the
southern basins will provide some buffer to warming. Comparing the distribution of
flux towers to the precipitation-temperature space revealed poor representation of all
extremes except hot-dry areas, leading to unknown uncertainties were evapotranspi-
ration is expected to be highest. This study provides an instance of how improved
spatial products can contribute to the deciphering of water-balance-component vari-
ability within a region and expresses the need for improved infrastructure for better
management tools.
Chapter 4 used the evapotranspiration product developed in Chapter 3 to perform
a long-term water-balance calculation for the 14 river basins draining into Californias
Central Valley and assessed the interannual variability subsurface water storage. The
time-series analysis showed that change in storage (∆S) has been mostly decreas-
ing over the past 34 years and will likely continue unless evapotranspiration demand
is reduced. Comparing how storage varies by basin along their elevation gradients
showed that the lower to mid elevations appear the most vulnerable to significant
withdrawals from storage when there is a water deficit. The basins could be binned
into four groups based on the correlations between basin ∆S to water-balance com-
ponents and climate variables and showed that the correlations between bins varied.
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Overall, this dissertation demonstrates some of the benefits physical measure-
ments of evapotranspiration provide for improving our ability close the water balance
and better understand the role of ∆S and the subsequent ecosystem response, es-
pecially during climate extremes where withdrawals from storage can be significant.
Specifically, that ∆S significantly supplements evapotranspiration during dry periods,
making its interannual variability much greater. And moreover, that the decrease in
the residual of precipitation and runoff with time shows that subsurface water stor-
age is being over withdrawn leading to ecosystem water stress if no immediate efforts
are taken to reduce evaporative demand. The studies herein were limited in spatial
and temporal extent due mostly to the limited data availability from the current net-
works of eddy-covariance flux-towers. But as more data becomes available the scope
of studies such as these can be expanded. It will be important in the future that
new flux-tower installations strongly consider current flux-tower locations to improve
temperature, precipitation, and vegetation representativeness. Quantifying uncer-
tainty in spatially distributed water-balance-component products is a study question
that needs to be investigated, as the error in any individual component can have
widespread and long-lasting implications for water resources and forest management.
121
Appendix A
Appendices for Chapter 2
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Figure A.1.1: US-Blo monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.2: MB monthly evapotranspiration (ET) and precipitation for each water year
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Figure A.1.3: US-Vcp monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.4: US-CZ3 monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.5: US-NR1 monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.6: US-Vcm monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.7: US-GLE monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.8: US-CZ2 monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.9: US-SCf monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.10: RMEA monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.11: US-Ton monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.12: US-CZ1 monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.13: US-SRM monthly evapotranspiration (ET) and precipitation for each
water year
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Figure A.1.14: US-Var monthly evapotranspiration (ET) and precipitation for each water
year
136
N F M A0
2007
ET Precipitation
N F M A0
100
2008
N F M A0
100
2009
N F M A0
100
2010
N F M A0
100
200
300
2011
N F M A0
2012
N F M A0
2013
N F M A0
2014
N F M A0
100
2015
N F M A0
2016
Month of water year
M
on
th
ly
 p
re
cip
ita
tio
n 
an
d 
ET
, m
m
Figure A.1.15: US-SCg monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.16: US-Wkg monthly evapotranspiration (ET) and precipitation for each
water year
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Figure A.1.17: USA monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.18: USS monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.19: RMES monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.20: US-SCs monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.21: US-Whs monthly evapotranspiration (ET) and precipitation for each
water year
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Figure A.1.22: US-SRC monthly evapotranspiration (ET) and precipitation for each
water year
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Figure A.1.23: US-SCw monthly evapotranspiration (ET) and precipitation for each
water year
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Figure A.1.24: US-SCc monthly evapotranspiration (ET) and precipitation for each water
year
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Figure A.1.25: US-SCd monthly evapotranspiration (ET) and precipitation for each water
year
147
Figure A.2.1: Boxplots of annual evapotranspiration supported by storage when account-
ing for snow (black) and when considering all snow as rain (red) for all snow-influenced
sites.
148
Figure A.3.1: Regressions of site-year evapotranspiration (ET) with precipitation (P) and
temperature (T).
149
Figure A.4.1: Regressions of site-year evapotranspiration (ET) from subsurface plant-
accessible water storage (PAWS) with precipitation (P) and temperature (T).
150
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Table B.1: Model parameters for all models for Equation 1.
Variable
LS800m
All
LS800m
NoT
LS800m
NoVT
LS4km All
LS4km
NoT
LS4km
NoVT
wNDV I 0.49 0.49 0.61 0.49 0.50 0.61
aNDV I 2119.20 2119.20 2119.20 2119.20 2119.20 2119.20
bNDV I 1.50 1.50 1.50 1.50 1.50 1.50
wP 0.57 0.49 0.60 0.58 0.49 0.60
aP 8.57 8.57 8.57 5.83 5.83 5.83
bP 0.63 0.63 0.63 0.63 0.63 0.63
wT -0.25 N/A N/A -0.26 N/A N/A
aT -38.48 N/A N/A -37.43 N/A N/A
bT 1034.94 N/A N/A 1017.35 N/A N/A
wENF 0.00 0.00 N/A 0.00 0.00 N/A
wMF 0.00 0.00 N/A 0.00 0.00 N/A
wWSA 0.00 0.00 N/A 0.00 0.00 N/A
wGRA -172.45 -147.63 N/A -172.34 -147.33 N/A
wOSH -134.49 -116.48 N/A -130.63 -114.51 N/A
int 158.71 73.36 -90.66 160.46 69.98 -92.44
Variable
MOD800m
All
MOD800m
NoT
MOD800m
NoVT
MOD4km
All
MOD4km
NoT
MOD4km
NoVT
wNDV I 0.58 0.66 0.65 0.58 0.67 0.65
aNDV I 1449.39 1449.39 1449.39 1449.39 1449.39 1449.39
bNDV I 2.08 2.08 2.08 2.08 2.08 2.08
wP 0.51 0.44 0.60 0.51 0.44 0.60
aP 8.47 8.47 8.47 9.00 9.00 9.00
bP 0.64 0.64 0.64 0.63 0.63 0.63
wT -0.32 N/A N/A -0.34 N/A N/A
aT -35.57 N/A N/A -34.40 N/A N/A
bT 977.75 N/A N/A 958.42 N/A N/A
wENF 66.68 0.00 N/A 67.52 0.00 N/A
wMF 0.00 -66.16 N/A 0.00 -65.26 N/A
wWSA 0.00 0.00 N/A 0.00 0.00 N/A
wGRA -160.24 -155.72 N/A -160.11 -155.53 N/A
wOSH -102.32 -86.03 N/A -98.91 -84.62 N/A
int 154.91 25.27 -102.27 159.26 22.76 -103.98
152
Figure B.1.1: Individual site year, by basin, of precipitation (P) and evapotranspiration
(ET).
153
Figure B.2.1: Best fit first order power functions between evapotranspiration and precip-
itation binned by temperature (a.) and temperature binned by precipitation (b.).
154
Figure B.3.1: Plot of all site years of P −Q and ET . The data is binned by wet and dry
years with best fit line, where wet years are years above a given basins 34-year mean and
dry year are below.
155
Figure B.4.1: Plots of all site years of P − Q and ET by basin. The data is binned by
wet and dry years with best fit line, where wet years are years above a given basins 34-year
mean and dry year are below.
156
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Figure C.1.1: Covariance matrix for Shasta, where dS is change in storage, P is precip-
itation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.2: Covariance matrix for Feather, where dS is change in storage, P is pre-
cipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.3: Covariance matrix for Yuba, where dS is change in storage, P is precip-
itation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.4: Covariance matrix for American, where dS is change in storage, P is pre-
cipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.5: Covariance matrix for Cosumnes, where dS is change in storage, P is
precipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE
is snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.6: Covariance matrix for Mokelumne, where dS is change in storage, P is
precipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE
is snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.7: Covariance matrix for Stanislaus, where dS is change in storage, P is
precipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE
is snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.8: Covariance matrix for Tuolumne, where dS is change in storage, P is
precipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE
is snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.9: Covariance matrix for Merced, where dS is change in storage, P is pre-
cipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.10: Covariance matrix for San Joaquin, where dS is change in storage, P is
precipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE
is snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.11: Covariance matrix for Kings, where dS is change in storage, P is pre-
cipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.12: Covariance matrix for Kaweah, where dS is change in storage, P is pre-
cipitation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.13: Covariance matrix for Tule, where dS is change in storage, P is precip-
itation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.1.14: Covariance matrix for Kern, where dS is change in storage, P is precip-
itation, T is temperature, ET is evapotranspiration, FNF is unimpaired runoff, SWE is
snow-water equivalent, and 90% Mday is the timing of 90% snowmelt from peak SWE.
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Figure C.2.1: Time series of major variables for Shasta. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
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Figure C.2.2: Time series of major variables for Feather. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.3: Time series of major variables for Yuba. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
174
1000
2000
P,
 m
m
500
600
700
ET
, m
m
500
1000
1500
Q,
 m
m
100
0
100
200
dS
, m
m
250
500
SW
E,
 m
m
11
12
13
T,
 o C
400
600
P-
Q,
 m
m
19
85
19
86
19
87
19
88
19
89
19
90
19
91
19
92
19
93
19
94
19
95
19
96
19
97
19
98
19
99
20
00
20
01
20
02
20
03
20
04
20
05
20
06
20
07
20
08
20
09
20
10
20
11
20
12
20
13
20
14
20
15
20
16
20
17
20
18
Water Year
220
240
260
280
300
90
%
M
Figure C.2.4: Time series of major variables for American. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.5: Time series of major variables for Cosumnes. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.6: Time series of major variables for Mokelumne. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.7: Time series of major variables for Stanislaus. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.8: Time series of major variables for Tuolumne. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.9: Time series of major variables for Merced. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
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Figure C.2.10: Time series of major variables for San Joaquin. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.11: Time series of major variables for Kings. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
182
500
1000
1500
P,
 m
m
400
500
ET
, m
m
250
500
750
Q,
 m
m
100
0
100
200
dS
, m
m
250
500
SW
E,
 m
m
9
10
11
12
13
T,
 o C
400
600
P-
Q,
 m
m
19
85
19
86
19
87
19
88
19
89
19
90
19
91
19
92
19
93
19
94
19
95
19
96
19
97
19
98
19
99
20
00
20
01
20
02
20
03
20
04
20
05
20
06
20
07
20
08
20
09
20
10
20
11
20
12
20
13
20
14
20
15
20
16
20
17
20
18
Water Year
240
260
280
300
90
%
M
Figure C.2.12: Time series of major variables for Kaweah. The red and blue vertical
shading represents multiyear dry and wet periods, respectively.
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Figure C.2.13: Time series of major variables for Tule. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
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Figure C.2.14: Time series of major variables for Kern. The red and blue vertical shading
represents multiyear dry and wet periods, respectively.
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Figure C.3.1: Time series of normalized major variables for Shasta. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.2: Time series of normalized major variables for Yuba. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.3: Time series of normalized major variables for Feather. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.4: Time series of normalized major variables for American. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.5: Time series of normalized major variables for Cosumnes. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.6: Time series of normalized major variables for Mokelumne. The red and
blue vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.7: Time series of normalized major variables for Stanislaus. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.8: Time series of normalized major variables for Tuolumne. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.9: Time series of normalized major variables for Merced. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
194
 
0.25
0.50
0.75
 
P
 
0.25
0.50
0.75
 
ET
 
0.25
0.50
0.75
 
Q
 
0.25
0.50
0.75
 
dS
 
0.25
0.50
0.75
 
SW
E
 
0.25
0.50
0.75
 
T
 
0.25
0.50
0.75
 
P-
Q
19
85
19
86
19
87
19
88
19
89
19
90
19
91
19
92
19
93
19
94
19
95
19
96
19
97
19
98
19
99
20
00
20
01
20
02
20
03
20
04
20
05
20
06
20
07
20
08
20
09
20
10
20
11
20
12
20
13
20
14
20
15
20
16
20
17
20
18
Water Year
 
0.25
0.50
0.75
 
90
%
M
Figure C.3.10: Time series of normalized major variables for San Joaquin. The red and
blue vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.11: Time series of normalized major variables for Kings. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.12: Time series of normalized major variables for Kaweah. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.13: Time series of normalized major variables for Tule. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.3.14: Time series of normalized major variables for Kern. The red and blue
vertical shading represents multiyear dry and wet periods, respectively.
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Figure C.4.1: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1985. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.2: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1986. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.3: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1987. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.4: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1988. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.5: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1989. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.6: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1990. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.7: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1991. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.8: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1992. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.9: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1993. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.10: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1994. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.11: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1995. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.12: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1996. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.13: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1997. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.14: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1998. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.15: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 1999. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.16: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2000. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.17: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2001. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.18: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2002. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.19: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2003. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.20: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2004. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.21: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2005. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.22: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2006. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.23: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2007. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.24: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2008. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.25: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2009. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.26: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2010. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.27: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2011. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.28: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2012. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.29: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2013. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.30: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2014. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.31: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2015. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.32: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2016. Number
corresponds with Basin numbers in Figure 1.
231
0 1 2 3
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0
2.4 1
0 1 2
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0
2.4
2.8 2
1 2
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0
2.4 3
0 1 2 3
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0 4
0 1 2
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0 5
1 2 3
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0 6
0 1 2 3
0.8
0.4
0.0
0.4
0.8
1.2
1.6
2.0
2.4 7
0 1 2 3
0.4
0.0
0.4
0.8
1.2
1.6
2.0 8
1 2 3
1.2
0.8
0.4
0.0
0.4
0.8
1.2
1.6 9
0 1 2 3 4
0.4
0.0
0.4
0.8
1.2
1.6 10
1 2 3 4
0.4
0.0
0.4
0.8
1.2 11
1 2 3
0.4
0.0
0.4
0.8
1.2 12
1 2 3
0.8
0.4
0.0
0.4
0.8
1.2 13
1 2 3 4
0.4
0.0
0.4
0.8
1.2 14
10
00
, m
m
 y
r
1
Elevation, 1000 m
Figure C.4.33: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2017. Number
corresponds with Basin numbers in Figure 1.
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Figure C.4.34: Runoff (blue), evapotranspiration (green), precipitation (dotted hatch),
and change in storage (red) binned by basins and elevation for water year 2018. Number
corresponds with Basin numbers in Figure 1.
